Singularity Formation: Synergy in Theoretical,
Numerical and Machine Learning Approaches.

Thesis by
Yixuan Wang

In Partial Fulfillment of the Requirements for the
Degree of
Doctor of Philosophy

Caltech

CALIFORNIA INSTITUTE OF TECHNOLOGY

Pasadena, California

2026
Defended April 16th, 2026



© 2026

Yixuan Wang
ORCID: 0000-0001-7305-5422

All rights reserved

11



11

ACKNOWLEDGEMENTS

I am finishing up my thesis with extreme emotions, humility, and gratitude. What a
journey! I spent some of my prime years towards my PhD, and it has been extremely
rewarding: tons of ups and downs, but what is important is that it has been fun all

along.

First and foremost, I express my sincere gratitude to the thesis and candidacy
committee, along with other faculty at Caltech. Prof. Tom Hou, my supervisor,
with great admiration, I grew and thrived under his training. Tom is a giant scholar,
but even before that, he is a wonderful person: patient with the whole group, caring
and devoting tons of his time, working extremely hard by himself, always there
for us. It’s through Tom that I learned how to devote myself to research and be
a good person. I extend my thanks to the extended Tom’s group, including his
kind wife Dr. Chang, all the PhD students I have interacted with, and Mr. Choi.
Prof. Anima Anandkumar, I have collaborated with her at Caltech most extensively
besides Tom. Her vision and passion ignite me and guide me through my early stages
with machine learning. Prof. Houman Owhadi, my chair and the very first person
I knew at Caltech, has kindly provided guidance and interactions with his research
group. Prof. Franca Hoffman, inspires me greatly through her outreach and caring
for the community, where I have built the SIAM student chapter at Caltech myself.
Prof. Kewen Wu, who will join online, my undergrad cohort, every conversation
with him has been stimulating and insightful as a wonderful junior researcher and
motivates me to stay eager and humble for learning. Prof. Andrew Stuart, who I
had the pleasure to collaborate with, will unfortunately be away for my defense, has
helped throughout my PhD. The help of CMS staff makes my stay in the department
even nicer. I am forever in debt to Diana and Sydney, who have left. Diana really
made Steele House her proper house and cared about each individual; everything
about her is emotional. Then I would also like to thank Joy, Minzhi, and Jolene for

their help.

I have to mention my amazing collaborators, many of whom are also close and dear
friends. Prof. Ziming Liu, of course, what KAN I say but so many words: it is just
amazing being the best friend all along, and thanks for being a role model. Prof.
Zongyi Li, your humility and kindness always physically inform me. Prof. Van
Tien Nguyen, thanks for being so encouraging and guiding me through the blowup

world. Changhe Yang, the uniquely devoted collaborator, your dedication pays off



iv
greatly, and it was extremely rewarding on board the grand project you carried. Prof.
Yifan Chen, we have known each other for so long and quite deeply; our relationship
has always been multiscale, but thanks for watching out for me. Prof. Jiajie Chen,
you are simply the strongest PDE person, period; thanks for being patient as a big
brother. Tao Zhou, it was so much fun meeting you at a conference, becoming
good friends, and working on good things together, like what academia should be.
Prof. Jonathan Siegel, your insights and kindness help make our paper happen.
Dr. Valentin Duruisseaux, you are a dedicated and extremely talented collaborator,
but you are also such a good friend and tennis buddy. I would also like to thank
all the kind people writing me academic reference letters, although I decided to
pursue math with Al at scale in the industry instead: Prof. Tom Hou, Prof. Anima
Anandkumar, Prof. Andrew Stuart, Prof. Javier Serrano-Gomez, Prof. Hatem
Zaag, Prof. Tristan Buckmaster, Prof. Arthur Jacot, Prof. Alexandru Ionescu, and
Prof. Philippe Rigollet. The majority of math professors are just so nice to junior
folks like me.

Caltech is great only because of its people. I would first like to thank my best friends
in the department, without whom I would say, without exaggeration, that I would not
have pulled through my PhD. Pau, my very first friend, we just have to pat each other
on the shoulder to know that we are there. Matthieu, we have so much in common:
the movie nights, concert nights, national parks, squash sessions, deep talks, and
academic discussions; we are everything. Peicong, despite being a younger one in
the group, you helped me so much emotionally. We experienced a lot of things
together and had so much fun, and I really appreciated it. Han, thanks for playing
tennis, hanging out at concerts and others, but most importantly, for bringing in
deep thoughts about life, about the journey. It is just a shame that despite many
math discussions, I did not end up having a single paper with my best friends at
Caltech. Then, I would say that my life beyond research also provided me with
extreme joy and emotional support. I would like to thank the team, busy beaver, and
my tennis buddies: Xijin, Haowen, Aaron, Daniel, Blake, Analiese, Sam, Steven,
Sean, Max, Frid, Edo, and Robert. I was often not the best player, to put it mildly,
but playing and being on the court is the most important thing. Concert is a big part
of life that makes me energetic, and I appreciate the company of my good friends:
Tianshu, Berthy, Alex, and Jingyuan. Movies extend my and everybody’s life, and
my foodie friends, including Mansour and Steven, take it to another level. Cardio
dance, especially Mariam, empowers me and gives me a little community, including

the kind lady at the postal office who kindly let me mail my tax just before closing.



v

It is just so easy to get scared and lost without a community. I cherish in particular
my Chinese heritage, with my international horizon, just like the favorite dish I
cook, Avocado Mapo Tofu, sometimes with a Parmesan twist. I would like to thank
the Chinese community here, including Xinyi, Yulu, Ding, Hongkai, Ray, Bohan,

Qiren, Chris, Xiaozhou, and Jim.

I am extremely thankful to my friends all over the world: Nina, Luna, Roger, Anita,
Vincent, Shawn, and Yihan. But especially friends from my college, Peking, the
greatest place for an undergrad due to its comprehensive vision and greatest people,
including the ones in the math department: Weiyuan, Zexuan, Ran, Jiasen, Jiayi,
Jialei, Shangqin, Mengxi, and Yibo. I wanted to be emotional and write a paragraph
to each one of you folks, but I will do (and have done) more on a postcard. You all
have shaped me and witnessed me. Of course, I was grateful for the training and

teachers there as well, including my undergrad advisor Prof. Ruo Li.

Finally, I thank my dearest family. I am extremely proud, but may not have expressed
it due to the East Asian shyness, to have the best parents in the world. My dad Tao
Wang is a silent protector for me, and my mom Fang Liu, oh my mom, is just so
caring and kind. They are always there for me, as if I am the center of their universe.
They are never too busy, and nothing about me is too difficult for them. I regretted
that in my adolescence, we had some fights, but overall, we have a very lovely and
healthy relationship. I want to look up to them so that in the future, I could be just as
marginally good a parent. I am dedicating this thesis to my grandmom, Xia Lan. As
I grew up with the four of us in a family, she is the closest person in my childhood.
Ms. Lan, she grew up in troubled times in China, so she is not lucky to experience
the world as I am fortunate to now. Her vision, open-mindedness, and insights are

nonetheless profound and shaped me.

Moving forward, as I have always been, I will embark on and enjoy a love-hate,
hopefully love on the upper side, relationship with Math, at DeepMind. It is a
creative time, so do creative things. I am looking forward to the new paradigm of
Al+math (PDEs): embracing the scale of things and hopefully witnessing grokking
and phase-transition therein. I express my sincere gratitude to the senior people
who helped me take this giant leap of faith, Dr. Yongji Wang, Prof. Chingyao Lai,
Prof. Javier Serrano-Gomez, Prof. Tristan Buckmaster, and my team leader Dr.

Ray Jiang.



vi

ABSTRACT

This thesis develops numerical and theoretical approaches for understanding and
analyzing singularity formation in Partial Differential Equations (PDEs). The sin-
gularity formation in the Navier-Stokes Equation (NSE) is famously challenging as
one of the seven Clay Prize problems. Unlike simpler equations such as the Non-
linear Heat (NLH) or Keller-Segel (KS) equations, where formal asymptotics near
blowup are better understood, the intrinsic complexity of NSE makes quantitative

analytical treatment difficult, if not impossible, without numerical guidance.

Building on numerical insights, Chapter 2 3 and 4 introduce a robust analytical
framework to simplify and systematize pen-and-paper proofs for singular PDEs.
We present a novel approach based on enforcing vanishing modulation conditions
for perturbations around approximate blowup profiles, complemented by singularly
weighted energy estimates. Blowups are proven with a clear notion of stability,
with rates automatically inferred, without the need to know the asymptotics a priori
or explicit spectral information of the linearized operator. We demonstrate the
efficacy of our method on PDEs with complicated asymptotics, such as NLH and
the Complex Ginzburg-Landau (CGL) equation, and address the open problem of
singularity formation in the 3D KS equation with logistic damping. We also provide

a roadmap for extending our techniques to singularities involving multiple scales.

In Chapter 5 and 6, we develop and refine numerical approaches that facilitate deeper
insights into singularity formation. We demonstrate that machine learning methods
significantly enhance our capability to identify and characterize potential blowup
solutions with high precision. We improve on existing Physics-Informed Neural
Network (PINN) and Neural Operator (NO) frameworks. Moreover, we present a
novel machine learning paradigm, the Kolmogorov-Arnold Network (KAN) archi-
tecture, whose interpretability and excellent scaling properties are achieved through

learnable nonlinearities inspired by the Kolmogorov-Arnold representation theorem.

Chapter 7 introduces Exponential Multiscale Finite Element Method (ExpMsFEM),
developed to efficiently solve challenging multiscale PDEs beyond elliptic prob-
lems, such as the Helmholtz equation. We construct adaptive local bases, proving
exponential convergence theoretically and demonstrating superior computational
performance in practice. Like KAN, ExpMsFEM exemplifies how insights from

theory can guide the design of high-performance solvers with theoretical guarantees.
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Chapter 1
INTRODUCTION

Much of this thesis is motivated by the challenge of understanding singular behaviors
in nonlinear partial differential equations, exemplified by the 3D incompressible
Navier—Stokes equations (NSE):

wu+u-Vu=-Vp+vAu, V.-u=0. (1.0.1)

The 3D NSE is a cornerstone of mathematical physics and fluid dynamics, yet foun-
dational questions—such as whether smooth initial data can develop singularities in
finite time—remain open. Singular behaviors like blowup and turbulence not only
raise deep theoretical issues but also complicate numerical simulation and physical

interpretation.

This thesis is guided by a central principle: that rigorous analysis and numerical
insight are most powerful when developed in tandem. Our work illustrates how
numerical methods not only provide guidance and experimental evidence for con-
jectures but also serve as a foundation for rigorous proofs and inspire new analytical
frameworks. In turn, the theoretical insights yield more robust, interpretable, and

generalizable numerical methods.

More generally, we consider finite-time singularities in evolution equations of the
form

a; = F(a), limsupl|g(a(?))|lp~ =00, T <+o0, (1.0.2)
t—T-
where g(a) is the quantity of interest, such as a itself or its gradient Va.

A canonical mechanism for finite-time blowup is via self-similar solutions, which
take the form
a(x,1) = (T -0)°U(y), y=x(T-1)P. (1.0.3)

This ansatz exploits the scaling symmetry of the equation, reducing the original PDE
to a time-independent profile equation for U. Typically, U is smooth and bounded,
making both analysis and computation more tractable. Substituting into the original
equation and equating powers of T — ¢, one obtains a steady-state equation of the
form

F(1,0)=0, (1.0.4)
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where the scalar A related to @ and 3 governs the blowup rate, and the operator 7
consists of a scaling operator plus the original operator F. Specific forms of # will

be illustrated in the examples that follow.

The study of blowup in the self-similar regime thus reduces to analyzing the existence
and stability of solutions to (1.0.4). Since the profile is now a ‘nice’ function,
one naturally asks: can numerical methods help identify such profiles, and more

importantly, can they inform or even enable rigorous proofs?

A common strategy is to solve (1.0.4) directly by casting it as an optimization
problem for U and the associated scaling parameter 1, where neural networks be-
come relevant due to their expressive power and seamless integration to modern
computations at scale. However, one must build on techniques tailored to these
specifically challenging problems. In particular, we build on operator learning and
introduce Scale-Informed Neural Operator, which encodes scaling symmetries of
PDEs, and Fourier Continuation for (Physics-Informed) Neural Operators for PDEs
on the whole space. We also build on high-precision training of Physics-Informed
Neural Networks (PINNSs), where exact enforcement of asymptotics and hard con-
straints becomes crucial for upgrading numerical candidates to rigorous proofs.
Motivated by the goal of symbolic profile recovery, we propose the Kolmogorov-
Arnold Network (KAN) architecture, which offers greater interpretability and com-

positional expressivity compared to conventional neural networks.

Alternatively, one can introduce artificial time marching and solve the equation
forward in time with appropriate initial data, with the hope of converging to the
steady profile. This dynamical approach, however, requires precise control over
unstable directions, often arising from continuous symmetries such as scaling or
translation. Ruling out these instabilities forms a key aspect of both our theoretical

framework and our numerical design.

To upgrade from numerical candidates with residue to a rigorous proof, perturbative
argument and stability analysis are required. One can either use a fixed-point
argument to establish solutions to the nonlinear equation (1.0.4) of the perturbation
around the approximate profile, or analyze the convergence to the steady state of its

time-dependent counterpart.

Specifically, we consider a perturbative ansatz of the form 1=1+,0=U0+U,

and substitute it into (1.0.4). This yields a perturbed equation of the form

0=LAU)+NQAU)+&, (1.0.5)
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where £ is the linearized operator associated with F at (1, U), N is the nonlinear
part, and & is the residue from the approximate profile, which can be made arbitrarily

small via high-precision computation and verified with computer-assisted proofs.

A clear characterization of stability is therefore crucial in either approach. A
common strategy is to introduce a carefully chosen energy norm E, typically induced
by an inner product on a Hilbert space, under which the linear, nonlinear, and residual

terms satisfy:
(L, U)g < —ci|lU%, (N, U)e <cllUl3,  1IEllE < c3, (1.0.6)

with positive constants. Here, c¢3 is very small with c% > 4cpc3. Then we can
construct an energy ball in either approach and demonstrate the existence and
stability of a solution to (1.0.5). Of course, the construction of the norm is extremely
challenging and requires a case-by-case analysis. Nonetheless, we provide a general
recipe for arange of equations using singular weights, capturing localized behaviors

of the solution.

In practice, one needs to deal with potentially unstable directions. Some of those
are induced by scaling symmetries of the equation, and one can enforce local or-
thogonality constraints to those directions via the introduction of extra scaling
parameters in the artificial time formulation, perturbing the symmetries, which con-
stitutes one of our key theoretical and numerical contributions. Full stability and
exact asymptotics can be inferred or precisely computed without prior knowledge,
amenable to the case of implicit profiles and computer-assisted proofs. In other
cases where only finite codimensional stability is expected, we couple the argu-
ment with a topological argument handling the unstable modes. For even more
challenging scenarios where damping is hard to extract directly for the linearized
operator £, one can decompose it into a coercive one plus a compact perturba-
tion. Applying finite-rank approximations to the compact part, one can formally
regard it as a nonlinear component and only needs to verify boundedness invert-
ing on the finite-dimensional space, where computer-assisted proofs can again be
applied. We rigorously established the open problem of nonuniqueness of Leray
solutions in the 3D incompressible Navier-Stokes equation [210]. Intuitively, the
onset of nonuniqueness occurs after the singularity time, and building upon previous
works, we reduce the problem to constructing a forward self-similar profile whose
associated linearized operator admits a positive eigenvalue. We numerically com-
pute the approximate profile and the eigenpair first, before rigorously establishing

the existence of the exact solutions by a perturbative argument.
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The remainder of this chapter is organized around the central themes introduced
above. We highlight our contributions in developing both theoretical frameworks
and numerical tools, including ideas that extend beyond self-similarity. Beyond sin-
gularity formation, we also point to broader connections with scientific computing,
Al for science, and machine learning, where the methodologies developed here may

provide useful perspectives and technical ingredients for related problems.

1.1 Numerics Inspire Proofs: Blowup via Local Modulations
We will elaborate on the general theoretical framework for stability analysis around
an approximate profile, based on the perturbative formulation in (1.0.5) and the
damping/nonlinearity/residue bounds in (1.0.6). As mentioned before, the linear
damping estimate constitutes the most crucial part. We built upon the series of
seminal works developed by Chen-Hou-Huang [76, 72, 70, 73] to introduce singular
weights in L? estimates and extract damping. As an illustrative example, consider
the following rescaled Riccati-type equation:

ﬁT:—ﬁ—%zﬁzﬂiz, (1.1.1)
where it can be interpreted as the Riccati ODE a, = a in the self-similar ansatz

a(x,t) = (T =) 'a(x(T = 1)™12, = log(T - 1)).

Equation (1.1.1) admits a family of explicit steady states # = (1 + cz?)~'. These
profiles are known to be stable under even perturbations that vanish to fourth order

at the origin.

Towards rigorously proving it, we can establish linear dynamical stability for even
perturbations of O(z*) at the origin by a L? estimate with singular weight |z|~®
capturing the vanishing order at the origin. To be specific, we compute the damping

estimate by an integration by parts near the origin as

(Lu,up) ~ (—1 + T (wup) .

(Z;)Z +2it) (1, up) =~ > ;
For @ > 5, which corresponds to the vanishing order of u greater than 2, we thus have
damping near the origin. Notice that in this simple case, the initial vanishing order
of the perturbation is preserved throughout the dynamics. To control the nonlinear
terms, we complement the singularly-weighted L? estimate with a high-order H*

estimate for sufficiently large k.

Building on this idea, we established the finite time singularity of a modified Hou-Li

model [219]. The Hou-Li model was introduced in [215] as a 1D reduction of the
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3D axisymmetric Navier—Stokes equations along the symmetry axis. To be specific,

the axisymmetric NSE (in cylindrical coordinates) takes the form
Ui+ urul,r + uzul,z =2uy1; +vAuy,
wi tu o +uto ;= (u%) +vAw; ,
V4

— [0} + (3/r)d, + 2] y1 = wi,

where u; = u®/r, wi =w?, ¥ =y?/r,and u?, ¥, and y? are the angular velocity,
angular vorticity, and angular stream function, respectively. The Hou-Li model, of

the following form:
Ui+ 2{,//1141’Z = 2l//1,zbt1 +vuy zz,

2
Wi+ 2wy = (”1) +vwi .,
Z

Yl = W1,
is a reduction in the sense that if (w1, u1, Y1) is an exact solution of the 1D model,
we can obtain an exact solution of the 3D Navier-Stokes equations by using a
constant extension in r. The model became particularly relevant in the investigation
of potential interior singularities for NSE, and the authors in [215] established its

well-posedness in C™.

Since the discovery and proof of the Hou-Luo scenario of boundary singularity in
the Euler equations [298, , 73], Hou discovered new numerical evidence that
the 3D axisymmetric Euler and Navier-Stokes equations develop potential singular
solutions at the origin [212, ]. Hou’s numerical simulations revealed that the
axial velocity u® = 2i1 + ryy1 - near the peak of u; is significantly weaker than 2.
This weakening is attributed to the shift between the maxima of ¢ and u;: ¥
peaks at r = ry, while u; peaks at r = r, with r, < r,, implying ¢, < 0 near
the maximal of u;. Thus the axial velocity u® is actually weaker than its value at
r = 0, highlighting that the original Hou-Li model—being confined to the symmetry
axis—fails to capture this subtle, yet critical, three-dimensional effect. To better
understand this phenomenon and its relation to singularity formation, we introduce

the following 1D weak advection model.
us +2ayu, =2uy, +vu,, ,
W +2ayw, = (uz)Z +vw,,, (1.1.2)
Y =w,

where a is a parameter that measures the relative strength of advection in the Hou-Li

model. We established the following theorems in [219]:
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Theorem 1.1.1. For the weak advection model (1.1.2) in the inviscid case v = 0,
there exists a constant § > 0 such that for a € (1 — 6, 1), the weak advection model
(A.1.5) develops a finite time singularity for some C* initial data. Moreover, there
exists a self-similar profile (Weo, Weo, Weo) corresponding to a blowup that is neither

expanding nor focusing. More precisely, the blowup solution to (A.1.5) has the form

Weo , U(X, 1) = ;um S W(x,t) = ;lﬁm ,

w(x,t) = ————
(1) 1 +cy oot I+ ¢y oot 1 +cy oot

-1

u,00

for some negative constant ¢, with a blowup time given by T =

Theorem 1.1.2. Consider the Hou-Li model (A.1.4) in the inviscid case v = 0.
For any a < 1, (A.1.4) develops a finite time singularity for some C¢ initial data.
Moreover, there exists a C self-similar profile corresponding to a blowup that is

neither expanding nor focusing.

Theorem 1.1.3. Consider the weak advection model (A.1.5) with viscosity. There
exists a constant 61 > 0 such that for a € (1 — 81, 1), the weak advection model

(A.1.5) develops a finite time singularity for some C™ initial data.

We leave the details and the proofs concerning the Hou-Li model to Appendix A.

In the remainder of this section, we elaborate on our framework for proving
finite-time blowup in PDEs beyond classical self-similar or fully stable scenar-
ios, using local modulation and singularly-weighted energy estimates. In many
cases—especially when viscous terms are present—the blowup deviates from ex-
act self-similarity. To capture these behaviors, we introduce additional modulation
parameters that enforce vanishing conditions locally, allowing us to infer both the
blowup rate and its stability directly from the modulation dynamics. Those modula-
tions, stemming from computational concerns of numerical stability, turn out to be
keys to the theoretical stability. We illustrate this framework across a sequence of
increasingly complex examples. In Subsection 1.1.1, we discuss the semilinear heat
equation, which resembles the Riccati toy model (1.1.1). Subsection 1.1.2 follows
as a much more technical resolution of the complex Ginzburg-Landau equation with
its full stability without symmetry assumptions. We solve the open problem of
the singularity formation of the 3D Keller-Segel equation with logistic damping in
Subsection 1.1.3, where we combine modulation analysis with a topological argu-
ment to handle finite codimensional instability. We emphasize key conceptual ideas

here for clarity, and refer to Chapter 2 for a complete treatise of the semilinear heat
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equation based on [2 18], while leaving the technically challenging parts of complex

Ginzburg-Landau [77] and 3D Keller-Segel equations [286] to Chapters 3 and 4.

1.1.1 Nonlinear heat equation
We consider the semilinear heat equation, one of the simplest and best-studied PDEs
with singularities.

a; = Aa + a? ,
with the blowup profile

_
L+[€P/8

a(x,t) ~ ﬁ( -
T =t \ (T =1)|log(T - 1)]

), (&) =

One can see that its blowup scaling resembles the Riccati-type equation, except
for a log-correction. Moreover, in its blowup scaling, the diffusion term becomes
asymptotically small and to its leading order coincides with (1.1.1). This log-

correction is of course subtle to compute and capture, requiring special attention.

Inspired by (1.1.1), we employ a similar stability argument using singularly-weighted
L? norm and a high-order H* norm. Extra modulations are required to ensure the
vanishing conditions of the perturbation, which are inspired by numerical computa-
tions aimed at capturing the steady-state profile. We thus introduce general rescaling

beyond self-similarity as
ﬁ(z’ T) = éM(T)a(él(T)Z’ t(T)) ’
where

¢, :éu(O)exp(/OTéu(S)ds), C =exP(_/O

with ¢, and ¢, being determined. We introduced the extra degree of freedom C, (0),

T

él(s)ds), t= /OTéu(s)ds,

which we will later choose to be small for the estimates of the viscous term. The

renormalized equation for i reads as

We then consider the approximate profile iz = (1 + z?/8)~! that solves

Cull — Crzii; +i> =0, for ¢, =-1,¢=1/2.
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If we enforce that u is an even function satisfying u(0, 7) = u,,(0, 7) = 0 for all time

7, we have by the dynamic rescaling equation,

N - éuﬁzz(o) 0 A _AA _ éu(’/_tzzzz(o) +Uz722(0)) _
Cu+i(0) + —élzﬂ(O) =0,¢, —2¢+2i(0) + élzﬁzz(O) =0
Defining X
10 = = G e ([ euts) 2.

we can simplify the normalization constraints into
1 3
Cu — Z/l =0,c, —2c; — (5 +4u,,..(0))1=0.

This gives
1 5
Cy = Z/la 1= _(§+2”zzzz(o))/l’

from which we derive the ODE for A as
A = Acy +2¢)) = =(1 +duy,,.(0)2>.

We can formally infer the log-correction from the asymptotics A ~ 1/7 ~ |log (T —t)|7.
Those extra modulations ensure that we can work in the singularly weighted space,
and we generalize to high dimensions via different spatial scalings in different co-
ordinates. Computations also corroborate our theoretical findings beyond the small

perturbation regime; for details see Chapter 2.

1.1.2 Complex Ginzburg-Landau equation

We consider the complex Ginzburg-Landau equation

Y= (1+1B)AY + (1 +18) WPy — yy,

which reduces to the semilinear heat equation we have considered when 8 = ¢ =
v =0, p = 2, while connecting with the nonlinear Schrédinger equation in the limit
B, 6] — oo. It enjoys a similar blowup law with log corrections, and we aim to

establish full stability beyond the assumption of even symmetries.

Upon introducing the phase-amplitude decomposition, we obtain
O = [A = |VOI*|u — B(2Vu - VO + uAb) +u” — yu,
ud0 = B[A = |VO*|u+2Vu - VO + uAb + su? .

One sees that to the leading order in u, it resembles the nonlinear heat equation again,
and we can adopt a similar stability argument, with the following extra difficulties,

howeyver.
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* We need to deal with full stability, corresponding to modulations of terms
all the way to second-order at the origin, with 1 + d + d(d + 1)/2 degree of

freedom in d-dimension. We thus introduce a matrix rescaling in space as:

U(z,7) = H(T)M(R(T)Z +V(1), t(‘r)) ,

O(z,7) = B(R(D)z+ V(1) 1(7)), 1(r) = / " P (s)ds.
0

where R(7) € R% is upper triangular, V(7) € RY and H(t) € R,. The
modulation corresponds to the symmetries of the equation, with d — 1 extra
modulation parameters. Similarly to the semilinear heat equation, we now
have a matrix @ = H?~'R™'R~"T capturing the log-correction and making

the viscous terms formally small.

* General nonlinearity and the phase equation necessitate a lower bound of U:

we use the maximal principle and a weighted L estimate.

* Sharp decay estimates of V'U require almost tight power for the weights and

interpolation and embedding inequalities.

* Coupling of amplitude and phase needs a top-order energy estimate with

special algebraic structure to cancel out top-order terms in diffusion.

Dy = AU —2B(VU,VB)q —U(VO,VB)q — BUAG®,

AU VU,VO
9@213?] +2< > )Q

- B(VO,VB)q + Ag®.
We construct top-order energy as
(IV*WP, pr) + (IVF@I, UPpi)

where W, @ are the perturbations in U = U+W,0=0+d.

We refer to Chapter 3 for the technical details and estimates.

1.1.3 3D Keller-Segel equation with logistic damping
We now demonstrate the applicability of our method to singularity beyond full
stability and without an explicit approximate profile. We focus on 3D Keller-Segel

equation, a classical chemotaxis model, with a quadratic logistic damping term
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—up? modeling density-dependent mortality rate and show the existence of finite-
time blowup solutions with nonnegative density and finite mass for a sharp range of

ue [0, %) To be specific, consider the model

dp=A2p -V - (pVe) - up?,
Ac+p=0.

The logistic damping makes the model inherently nonlocal, even in the radial sym-
metric assumption, unlike the original Keller-Segel equation, where a partial mass
formulation could be introduced to make it local. Nonlocality makes the construc-
tion of approximate profiles challenging, and we deploy a phase-portrait method to
establish the existence of a profile, treating the viscous term again as asymptotically

small. To be specific, the radial profile satisfies
Q+By-Vy0=V,0-V,AT'Q + (1 - )07,

with asymptotics Q = ﬁ—|y|2f0+0(|y|2f0+2) near the origin, where 8 = ﬁ_ﬂﬁﬁ

The left-hand side of the profile equation corresponds to the blowup scaling.

To establish the existence of the profile and make the viscous terms small, we require

1 <ﬁ<1
3(1 —p) 2’

which coincides with the sharp range of u.

We now conclude finite codimensional stability by introducing the rescaling

X dr 1 Ar 1 1
_ Gt Sl tx)=—V .

The equation in the rescaled variable is

Y = 17PAY — W — By - VP + V¥ - VAW 4 (1 — ) P2

Consider the perturbative ansatz

K
¥ =0+"(r,y) +&(r,y), with &' (1,3) = > c;(T)x () yI.
Jj=0
For sufficiently large K, we have stability of the perturbation £° using singularly-
weighted estimates, provided that £* vanishes to O(|y|*(*?) near the origin, which

will be enforced by local modulations of the coeflicients c;.
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We can solve the dynamic equations for c; as

¢j = %cj + 2B [AY]; + [N(eM)];, 0<j<jo

¢jo = 00,jpco + A>T F[AY]j, + [N(")];, J=Jos

¢j="2lc; 4 Iy oijei+ XB[AY] + [N(eM)]), jo<j < K.
One can perform a standard bootstrap argument coupled with topological arguments
to derive a finite codimensional stability with dimension jy + 1. Notice that here
Jo < j < K corresponds to fake unstable directions. We leave the technical details
to Chapter 4.

1.2 Numerics Provide Basis for Proofs: High Precision NNs and KANs

In this section, we discuss the numerical tools we have developed for efficient
computations of the profile; see the prototype equation (1.0.4). We will highlight
how machine learning tools can contribute to the computation, especially when the
profile is unstable, where numerical time marching might struggle with stability
issues. The tools developed have a much broader impact beyond the interest of
singularity formation, on general applications in scientific computing, Al for science,

and general machine learning.

In Subsection 1.2.1, we discuss our contribution to operator learning, where we
introduced Fourier continuation to deal with non-periodic problems, and also intro-
duced Scale-Informed Neural Operator for scaling invariance of PDEs. We discuss
the high-precision training of PINNs via exact enforcement of hard constraints and
asymptotics in Subsection 1.2.2. KAN: Kolmogorov—Arnold Networks as a more
interpretable and scaling-efficient neural network architecture, is introduced in Sub-
section 1.2.3. We sketch the high-level ideas here, and refer to our articles [313,

] for details on developments on operator learning, Chapter 6 based on [445] for
high precision PINN training, and Chapter 5 based on [293, 292, 446] for a complete

overview of KAN.

1.2.1 Neural Operator with Fourier continuation and scaling invariance

Neural Operators (NOs) [277, ] stand as an important idea to learn mappings
directly between function spaces via parametrization of a nonlinear mapping in the
spectral space by neural networks, thus offering the discretization-invariance prop-
erty regardless of the physical mesh. In the context of PDE solving, NO aims to learn
the solution operator directly, and can be coupled with the data loss and the physical
loss, resulting in the Physics-Informed Neural Operator (PINO). Originally, PINO
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leverages differentiation in the Fourier spectral space and is best suited for problems
defined on a periodic domain. We extended the methodology by introducing Fourier
continuation in FC-PINO [313] to deal with problems in the whole space, partic-
ularly suited for the aforementioned problems of singularity formation. FC-PINO
enables efficient learning of blowup profiles, and more generally, families of pro-
files across varying scaling parameters—thanks to the operator learning formulation.
Related to the scale-invariance in PDEs, we introduced the Scale-Informed Neural
Operator [281]. Scale-consistency helps each model extrapolate to unseen scales,
including the challenging Helmholtz and Navier-Stokes simulations. We refer to the
details in our papers [313, ]. Building on operator learning, which integrates
supervised data with PDE constraints, we envision leveraging known profiles from

similar equations to guide profile discovery in new regimes.

1.2.2 High precision training of PINNs

Motivated by the need for a numerical profile with high precision to be upgraded
to a rigorous proof (1.0.6), we developed a high precision training procedure of
PINNs on an unbounded domain in [445]. This approach emphasizes exact en-
forcement of asymptotic behavior, incorporation of hard constraints, and the use
of advanced second-order optimization methods. We demonstrated an accuracy
4-digits better than previous state-of-the-art by the important work [449], in terms
of a 2D Boussinesq equation related to the 3D Euler singularity on the boundary
[73]. We fully open-sourced our codebase to facilitate future developments and re-
producibility. Full technical details are provided in Chapter 6. Beyond architectures
and physical inductive biases, we also work on developing optimizers for scalable
and high-precision training, including our Self-scaled SOAP optimizer, and work
on more challenging PDEs with singularities, including the weak convection model

introduced in [289].

1.2.3 KAN

Partially motivated by an exact symbolic search for blowups, we proposed Kol-
mogorov—Arnold Networks (KANs) [293], as an interpretable alternative to modern
machine learning architectures. The prevalent fully connected neural network, or
Multi-Layer Perceptrons (MLPs), has learnable linear weights between layers and
fixed nonlinear activation functions. It is the nonlinearity that renders them expres-
sivity, albeit it often comes at the cost of a huge number of parameters to be trained.

KANSs leverage the Kolmogorov-Arnold representation theorem, which reduces the
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representation of a multivariate function to a composition of univariate functions.
This compositional construction aligns well with modern machine learning, and
we generalize it to arbitrary depth. Better scaling laws are established under the
compositionally smooth assumption empirically and theoretically, for a wide range
of benchmarks of symbolic regression, PDE solving, and larger-scale problems of
imaging. KANs demonstrate greater expressivity than MLPs and are particularly

effective at capturing high-frequency components [446].

We further demonstrated the capacity of KANs to address a wide range of scientific
problems [292], highlighting their synergy with Al for science. We also developed
effective initialization schemes for KAN training [391] and integrated KAN into
Operator Learning, providing a more interpretable and expressive alternative to
existing Neural Operator frameworks [264]. We leave the detailed discussions to
Chapter 5.

1.3 Numerics with Provable Guarantees: EKHMC and ExpMsFEM
Finally, in the last section, we talk about how insights from theory can guide the

design of competitive solvers with theoretical guarantees.

We introduce two such methods: a preconditioned second-order sampler, Ensemble
Kalman Hamiltonian Monte Carlo (EKHMC), in Subsection 1.3.1, and a state-of-
the-art multiscale PDE solver, the Exponential Multiscale Finite Element Method
(ExpMsFEM), in Subsection 1.3.2. We sketch the high-level ideas here and refer
to Chapter 7 for a detailed exposition of ExpMsFEM, based on [81, 83, 82]. A full
treatment of EKHMC appears in Appendix B, based on [291].

1.3.1 EKHMC

Consider the task of sampling from a target distribution

r(g) = o exp(-(4))
q

which arises naturally in Bayesian inverse problems, among other applications.
The simplest approach is via simulation of the Langevin equation, which has the
target density as its invariant distribution. Variants of Langevin dynamics have
been proposed to boost convergence to the target distribution, among which are
the Hamiltonian Monte Carlo with an auxiliary velocity variable introduced, and
the preconditioning method to sample the target distribution with large condition
numbers. Building upon the works of the Ensemble Kalman Sampler [158], where

an interacting particle system was introduced to approximate the covariance as a
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preconditioner, we proposed a second-order sampler [291] with empirically faster

mixing rates.

dg _

a P

dp dw
i ~Cy(p)DD(q) —yp + 270q(p)g :

We showed that EKHMC is affine-invariant and proposed a gradient-free version
of the algorithm. In the context of Bayesian inverse problems with linear forward
maps, we further demonstrated that the associated mean-field dynamics preserve
Gaussianity and converge to the target distribution at a rate independent of the linear

operator. We leave the detailed discussions to Appendix B.

1.3.2 ExpMsFEM

Consider the model problem in a bounded domain Q ¢ R¢ with a Lipschitz boundary
I'. Here, d = 2. For generality, the boundary can contain disjoint parts I' = 1"y U I
where '] corresponds to the Dirichlet boundary conditions and I, corresponds to

the Neumann and Robin type boundary conditions. The model equation is:

V- (AVu)+Vu=f, inQ
u=0, onl} (1.3.1)
AVu-v =_Lu, only.

Here, A, V, 8 are functions in L® () and can be rough, which makes the solution
oscillating and difficult to solve. The vector v is the outer normal to the boundary.
In particular, when V = 0, the equation is the standard elliptic equation [81]. If
Vu = —k?u and u is a complex-valued function, one obtains the Helmholtz equation

[83] with wavenumber k.

Standard finite element methods often fail to resolve such problems accurately due
to the limited regularity of the solution. The key challenge is to design numerical
methods that adapt to the multiscale structure of the problem. The core idea is to
construct local basis functions that adapt to the local coefficients of the equation.
These bases allow efficient compression of the operator and can be reused to solve

multiple problems with varying right-hand sides.

One key observation we proposed is to reduce the task of an accurate finite ele-
ment solution to an accurate approximation. To be precise, we demonstrated via
a posteriori estimates that once the bases can serve as good approximations to the

solutions, the numerical solution automatically becomes a quasi-optimal approxi-
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mation. Moreover, by a careful design of the local-to-global coupling, we showed

that we only need to achieve a good approximation on each of the local patches.

Next, we discuss how to construct local approximations. This was achieved by a
harmonic-bubble splitting. Roughly speaking, the harmonic part depends only on
the information on the boundaries of the patch, and the bubble part depends only on
the local right-hand side information. Even for challenging cases like the Helmholtz
equation, we show that the bubble component remains small and that the harmonic
part admits exponentially accurate approximation via oversampling. We rigorously
proved exponential convergence and designed our algorithm to achieve such accu-
racy using only online basis functions, complemented by an offline modification of
the right-hand side. We leave the detailed discussions and numerical experiments
to Chapter 7.
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Chapter 2

BLOWUPS VIA LOCAL MODULATIONS: NONLINEAR HEAT

In this chapter and the two subsequent chapters, we present our framework for infer-
ring the precise law and stability of blowups beyond self-similarity via local mod-
ulations and singularly-weighted estimates, based on [218, 77, ]. For problems
with full stability, such as nonlinear heat (NLH) [2 18] or complex Ginzburg-Landau
(CGL) [77] equations, we use a novel idea of enforcing stable normalizations for
perturbations around the approximate profile and establish a weighted H* stability,
thereby avoiding the use of a topological argument and the analysis of a linearized
spectrum. This result generalizes the L?-based stability argument to blowups that
are not exactly self-similar and can be adapted to higher dimensions. Full anisotropic
scaling can be introduced to establish full stability beyond any symmetry assump-
tion. The log correction for the blowup rate is automatically inferred via the local
normalization conditions, captured by the energy estimates and refined estimates of

the modulation parameters.

Crucially, this framework is applicable even when only numerical blowup profiles
are available, providing a path toward rigorous analysis guided by computation.
For cases involving finite-codimensional stability, our method can be combined
with a topological argument. We illustrate those two points by solving the open
problem of singularity formation in the 3D Keller-Segel (KS) equation with logistic
damping [286]. Finally, numerical experiments confirm the effectiveness of our
normalization strategy, even under large perturbations outside the strict theoretical

regime.

For illustrative purposes, we present our framework in the setting of the NLH
with even symmetry, covering both the fully stable and finite-codimensional cases
in Section 2.5, in this chapter. Finally, in Section 2.6, we outline directions for
extending this methodology to handle blowups involving multiple scales, and discuss
prospects for turning the modulation approach into a robust computational algorithm
beyond the search for singularities. The more technically involved cases, such as the
CGL and 3D KS with logistic damping, are addressed in detail in the two following

chapters respectively.
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2.1 Introduction

We consider the semilinear heat equation
a, = Aa +ad*, (2.1.1)

where a(t) : R" — R, subject to the boundary condition lim|y|,. a(x,#) = 0 and an
initial data a(0) = ag. Several blowup criteria were established in the past, dating
back to the works of Kaplan [242], Fujita [156], Levine [268], Friedman-McLeod
[153], etc. We refer to the book [380] for a comprehensive review on this subject.
Given our interest in the singularity formation, in particular in characterizing blowup
solutions to (2.1.1), we only mention works in this direction in the following, where

a precise law of the blowup can be identified.

Singularity formation in nonlinear PDEs is generally connected to a group of sym-
metries associated with the problem under consideration. For the classical nonlinear

heat equation (2.1.1), it is invariant under the scaling transformation

1 (x ¢t
VA>0, ay(xi) = ﬁa(/—l, ﬁ) 2.12)
in the sense that if a is a solution to (2.1.1), so is a, with the rescaled initial
%z
equation (2.1.1) that we are aware of is the work by Berger-Kohn [27], where the

data ap, = ao(ﬁ). The earliest application of this scaling invariant property to

authors developed a so-called rescaling algorithm to capture the blowup profile

_
L+1€7/8°

X

1
a(x,t) ~ u
T-1 (\/(T_ t)[log(T - 1)]

(2.1.3)

), (&) =

This blowup behavior is in agreement with classification results rigorously estab-
lished in the works of Filippas-Kohn [150], Filippas-Liu [151], Herrero-Velazquez
[197] and Velazquez [439] under the assumption of type-I blowup, namely that

limsup ||a(?)||z~(T — t) < +oco, otherwise, the blowup is of type-IL. In particular,
t—T

Herrero-Velazquez [199] showed that the blowup behavior (2.1.3) is generic in di-
mension 1, and they claimed the same for higher dimensions in an unpublished
work. A rigorous construction was later established by Bricmont-Kupiainen [45] to
provide concrete examples of initial data leading to blowup behaviors classified in
the works mentioned above. The method developed in [45] was generalized in the
work of Merle-Zaag [324] through spectral analysis and a topological argument to
establish the existence and stability of blowup solutions to (2.1.1) with the behavior
(2.1.3).
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It is worth mentioning that the scaling invariance (2.1.2) gives rise to the notion of

energy-criticality in the sense that
-6
laallgr = A" llall g,

and the problem (2.1.1) is called energy-critical if n = 6, energy-subcritical if n < 5
and energy-supercritical if n > 7. It is well known that the only type-I blowup
occurs in the energy-subcritical case (i.e., n < 5) from the work of Giga-Kohn
[163, , ], Giga-Matsui-Sasayama [ 1 66] (see also [ 1 67] for the case of convex
domains and Quittner [379] for non-convex domains). The blowup in the energy-
critical and supercritical cases is more subtle, where type-II blowup may also exist
as predicted in [198] and [149] through formal matching asymptotic expansions.
Concrete examples of initial data leading to type-1I blowup for (2.1.1) with a general
nonlinearity |a|” ~l4 were exhibited in several works [196], [331], [89], [90], [369],
[405], [372], [370], [187], [371], [188] and references therein. In particular, the
Type 1I blowup constructed in [188] for the energy-critical case in dimension n = 6
corresponding to the exponent p = 2 considered in this present work. Partial
classification of type-II blowup was provided in [312, ] and [91], even though a

complete classification of all blowup patterns still remains open.

In this chapter, we are interested in adopting the idea of dynamic rescaling to pro-
vide rigorous proofs for the semilinear heat equation with a clear notion of stability.
Specifically, just like in numerical algorithms, we introduce proper rescaling condi-
tions to ensure the stability of the perturbation around the approximate steady state,
whose proof constitutes the main goal of this chapter. We adopt a L2-based sta-
bility analysis with properly chosen singular weights and normalization conditions,
inspired by the line of work pioneered by [76, 72], and present our main result as
Theorem 2.1.1. We introduce the weighted Sobolev space &y for k = 2n + 10:

Ex = {u: Iulg, = lul2 + I Vul, < +ool. (2.1.4)

where || - ||, stands for the weighted L?-norm with the weight functions p, px being
defined in (2.3.1), (2.3.3), and the constant u will be detailed later in (2.3.5).

Theorem 2.1.1. Let k = 2n + 10, there exist positive constants Cy and Ay such that
for 0 < A < Ay and if the initial perturbation g is even' and satisfies ||g|ls, < CoA,
the equation (2.1.1) with initial data

a(x,0) = A7 a(x) + g(x)),
"We call a multivariate function a even if it is even in each one of the coordinates, namely if
a(éyxy, éxxpy v Enxy) = a(xy,x2, -+ ,x,) forany & € {-1,1}.
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admits a solution a(x, t) that blows up in some finite time T. Moreover, we have the

following convergence in &y,

lim\(T - 1)a (((T ~ )| log(T - 1))}z, t) = (2).

Remark 2.1.2. Using the scaling invariance of (2.1.1), we can introduce an initial
rescaling in space (corresponding to introducing C;(0) in the dynamic rescaling
Sformulation (2.2.4) in Section 2.2) to obtain a result comparable to the theorems in
[45, | that characterize the blowup time precisely. Here we highlight obtaining

the correct rate and, for the sake of simplicity, do not rescale in space at t = 0.

Remark 2.1.3. We work under the even assumption for illustration purposes of
the dynamical rescaling technique developed in this chapter. We refer to our sub-
sequent work [77] on the complex Ginzburg-Landau equation for a generalized
dynamical rescaling technique to remove the even assumption, where translational

and rotational modulations were introduced; see step 1 in Section 1.2 therein.

Compared with most of the aforementioned works on semilinear equations that work
in parabolic scaling, we work in variables that correspond to the true blowup scaling
and obtain stability precisely with respect to the weighted H* norms we construct,
instead of resorting to a topological argument to identify the existence of the initial

data for blowup.

2.1.1 Literature review and main contributions
The idea of dynamic rescaling formulation or the modulation technique to study
blowup was originally introduced in the numerical study of self-similar blowup
of the nonlinear Schrodinger equation [451, , , , ]. Later on, the
formulation has been generalized to various dispersive problems, both as numerical
techniques and as an analysis tool; see for example nonlinear Schrodinger equation
[246, ], compressible Euler equations [49], and the nonlinear heat equation [27,
]. Recently, this modulation technique has been adopted to establish self-similar

singularity for incompressible Euler equations in [135, 72, 73].

When the equation admits an analytical approximate profile for blowups, analyzing
the spectrum of the linearized operator has proven to be useful for establishing the
blowup in many cases; see for example, the semilinear heat equation [45, ] and
the 2D Keller-Segel equation [385, 92]. While this methodology is powerful, it

hinges on the fact that we are able to construct a simple and analytical approximate
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steady state and can analyze the spectrum of the linearized operator explicitly (for
semilinear heat equations) or at least asymptotically (for Keller-Segel equations).
In this chapter, we provide a proof of blowup for the semilinear heat equation
without analyzing the eigenvalues or the eigenfunction of the linearized operator
at all, and we rule out the unstable directions via a clear characterization of a
singularly weighted Sobolev space, instead of using Brouwer’s fixed-point theorem
and a topological argument. This framework can be adopted even if we only have a
numerical or implicit profile and do not have explicit information on the spectrum
of its linearized operator; see the follow-up work by the last author and collaborators
[286] on 3D Keller-Segel equation with logistic damping.

On the other hand, a direct L? [76] or L®-based [73] stability argument with ap-
propriate normalization conditions has been proven successful, even if no explicit
approximate steady state can be identified. In fact, they are often combined with a
numerical profile and rigorous computer-assisted proofs. See [76, 70, 219] for appli-
cations in various 1D models for the Euler equations, [72, 73] for 3D axissymmetric
incompressible Euler equations, and [320] for the compressible Navier-Stokes equa-
tion (and the accompanying paper on the compressible Euler equation [319]). The
nature of the blowup in [319, ] and the current work is quite similar in the sense
that the dominant behavior of the rescaled equations is driven by the inviscid part,
although in each case one must use different scaling to get the precise asymptotic
behavior. The methodology can be roughly summarized in the following two steps.
Firstly, we link self-similar singularity with convergence to a steady state using the
dynamic rescaling equation and obtain approximate steady states either analytically
or numerically. Then, upon choosing appropriate normalization conditions, we
can perform linear and nonlinear stability estimates to show that the perturbation
around the approximate steady state will remain small. Therefore, we can obtain a

self-similar blowup with rates prescribed by the normalizing constants.

This chapter adopts the L?-based methodology to establish blowups beyond the
self-similar setting; see also [93] on the 1D inviscid primitive equation and [24] on
the harmonic map heat flow, where log corrections were also observed. We show
that one can obtain the correct blowup rate by imposing proper vanishing conditions
on the perturbation, without a priori knowledge of a formal blowup rate. Compared
with a self-similar blowup, the crucial difference is that now we have an algebraic,
instead of exponential, convergence of the normalizing constants in the rescaled

time 7, inferred for example, by (2.2.2).
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Another contribution is that we introduce different spatial rescalings in n different
dimensions in Section 2.2.2, giving enough degrees of freedom for the normalization
conditions. Those different rescaling constants in different dimensions will indeed
converge to the same rescaling constant close to the blowup time. This approach
may shed some light on the generalization of the dynamic rescaling framework to
higher dimensions for other problems. We believe our method is robust for type-I
singularities, especially for problems having non-self-adjoint linear operators, see
for example our follow-up work [77] on the complex Ginzburg-Landau equation.
Finally, we demonstrate our choice of normalization to be effective even beyond the

regime of small perturbations, in Section 2.4 based on numerical experiments.

2.1.2 Notations

Throughout the chapter, we use (-, -) to denote the inner product on L>(R"): (f,g) =
/R” fg. We use C to denote absolute constants dependent only on the dimension 7,
which may vary from line to line. We use A < B for positive B to denote that there

exists a constant C > 0 such that A < CB. We adopt the notation of the Japanese

bracket as (z) = /1 + |z|?.

2.2 Dynamic Rescaling Formulation and Normalization Conditions
In this section, we discuss our dynamic rescaling formulation. Via enforcing local
vanishing modulation conditions, we derive the law of the blowup formally and

motivate the choices of singular weights for stability analysis.

2.2.1 1D case

We focus on the 1D case first and generalize to higher dimensions in Section
2.2.2. For the semilinear heat equation (2.1.1), we introduce the dynamic rescaling

formulation
i(z,7) = Cu(t)a(Ci(7)z,1(1)),

with
n “ T R T T n
C,=C,(0)exp (/ ¢udt),Cp =exp (/ —éidT) ,t :/ C.drt.
0 0 0

Here, we introduce an extra degree of freedom C“u (0) asin [70), ], which we will

later choose to be small for the estimates of the viscous term. We have
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We know there exists an approximate profile & = (1 + z?/8)~! which solves
Guil — Crzil, +i12=0,0,=-1,6=1/2.

By using the dynamic rescaling formulation, we reduce the problem of establishing
a blowup in the physical variables and quantifying its blowup rate to the problem
of establishing stability in the dynamic rescaling formulation. We want to show
that & converges to the steady state i of the dynamic rescaling equation and the

normalization constants also converge. We put the ansatz
Ui=iu+u,C,=¢c,+c,,C;=cCj+cy.

We will elaborate on how to enforce normalization conditions ¢, and c¢; such that
the perturbed solution u of the dynamic rescaling equation is stable for all time.
Namely, we want to show that ¥ remains small for all time, and thus ¢,, ¢; will

correspond to the correct blowup scaling.

If we enforce that the even perturbation satisfies #(0) and u,,(0) vanish for all time,

by the dynamic rescaling equation we have

itz (0 (222 (0 0
ey +ii(0) + SL() 0.6, -26)+2a(0) + & (”“Zi(z _) tuzz () 6 00
Cl (0) Cl iizz(0)
Define
Co 4 T
d=— = C,(0) exp (/ cy +2cdr),
Z O
we can simplify the normalization condition into
1 3
cy—=-4=0,c, —2¢c; — (= +4u;,;,(0)1=0.
4 2
Therefore we solve . 5
cy = Z/l ,C| = _(§ +2u,,,.(0))A. (2.2.2)
And thus we can simplify the ODE for A as
Ar = A(cy +2¢;) = —(1 +4u...(0))A%. (2.2.3)

Remark 2.2.1. Notice that formally, when the perturbation is small, we can further
solve this ODE to obtain

1

Ax1jr=—8u .
|log (T —1)|

Therefore, the effect of the viscosity terms can be treated perturbatively. We will

make this heuristic argument rigorous later on by choosing C,,(0) small.
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Remark 2.2.2. To motivate our choice of normalization conditions, we can plug in
an ansatz p = 7~ for the singular weight we use in the L? estimate, and calculate
linear damping for the evolution of u. Via an integration by parts, we know that up

to the linear part near the origin, we have

1 (pz a—1
(ureup) = (<1 + L2 0y up) = (1 - Dy wup)
4 p 4
We calculate that we need a > 5 to extract linear damping, and therefore we need

to enforce the perturbation u to vanish to higher orders.

Of course, we need to take care of nonlinear estimates. Thus, the singular weights
cannot be as simple as p = z~°, but this serves as the starting point of our stability

analysis.

2.2.2 nD case

A crucial idea in the n-dimensional case is that we introduce n different scaling
parameters in different directions. This gives us more freedom to enforce the
normalization conditions and obtain a perturbation with the same vanishing orders.

Consider
ﬁ(Z, T) = éu (T)a(éll (T)Zl’ élz(T)Z27 Y é;l(T)Zn’ t(T)) 5

with the same C,, and #(7) defined as before, and
A T .
C) =exp (/0 —¢1dt) . (2.2.4)
The equation for i is
. = ¢, — Z &zt + 0% + Z Aidiii (2.2.5)

where we use the short-hand notation for partial derivatives: we denote f; = 9,, f
and fi; = 0,0, f. Using the same radial approximate steady state i, ¢/, ¢, and a
similar ansatz

A=td+u,C,=Ccy+cy,Cp=C+c), (2.2.6)

we can enforce the same normalization condition that u is of O(|z|*). Notice that
if we choose u to be an even perturbation, we only need to enforce u(0) = 0 and

u;;(0) = 0. Those n + 1 constraints can be solved exactly to obtain

8

1 - 1 +46;;
Cu=7q Z’li’cll = _Z/lj(—l] +2u;;;;(0)), (2.2.7)
i J
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where 6;; = 1 if i = j, and O otherwise. Here we define

A

(€)?

i

= C,(0) exp (/ Cy+ 20§d7) ,
0
and we obtain the ODE for A as follows:

(97/11' = /li(Cu + 2Cll) = —(Z 4uiijj (O)/lj + /l,')/li . (228)
J

Notice that (2.2.7), (2.2.8) are consistent with (2.2.2), (2.2.3) in the 1D case.

2.3 Stability of Perturbation and Finite Time Blowup
Building upon the general strategy of a weighted L?-based stability argument as in
[76, 72], we will prove Theorem 2.1.1 in this section. We denote A4 = max; A;.

2.3.1 L’ stability analysis
Plugging in the ansatz (2.2.6) into the dynamic rescaling equation (2.2.5) and using
the fact that iz is an approximate steady state, we write down the evolution equation

for u as follows:
ur = L(u) +N(u) + Z Fi(z,7) + Z A;Vi(u),

where we reorganize the different terms into the linear, nonlinear, error, and viscous

terms respectively as

1.
L= (—1+CM)M—Z(§+Cll)Zil/t,'+2b_tu, N:uZ’
1 _ i _ _ 1 2
F; = Zfliu — ¢zt + A (it + Z Euiijj(O)ZjX(|Z|)) ,
J

1
Vi= i = ) 5w (O (12])
J

Here y(z) is a 1D even smooth cutoff function such that y(z) = 0 for |z|] > 2 and
x(z) =1 for |z] < 1. We introduce such a cutoff function to make each one of
the four terms integrable in the weighted L? space. We name and group the terms
in such a way that is convenient for our analysis. The “linearized operator L” is
obtained by treating the scaling parameters ¢, and c¢; as known parameters, although
they actually depend on u. As a result, the “linearized operator L” actually contains

nonlinear terms in the original physical variables.
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To show that the dynamic rescaling equation is stable for even perturbations and
converges to a steady state, we will perform a weighted L? estimate with a singular

weight p and a weighted L? norm
p =1z 10702 fll, = (fRp) R (2.3.1)

We choose such a weight to extract damping near the origin as in Remark 2.2.2, while
also having good control of growth at infinity, to make L* and thus the nonlinear
estimates easier. Via an integration by parts®, we have a standard L? estimate for
the linear part:

(L,up) = ([(~1 +cu) +%Z(% +c§)(zf)f s 2 up).

We plug in the singular weight (2.3.1), using O (1) notations due to the form (2.2.7),

and simplify as

1 1 i (Zip)i _
(—1+cu)+§Zi:(§+c’l)( ;}O) +2u
1 0.006 272

- 4 - = B
=0((1+V7u(0)N) - 7 + 4103 +76) 8+72°

By a straightforward computation and the AM-GM inequality we have
0.006(8 +z2) — 4(107 + 279222 = 0.048 — 0.002z> - 8774 < 0.
Therefore, we have the simple linear stability

(L,up) < (—% +O((1+ |V*u(0)))) (u, up) < (—% +C(1+ [V u) D) lull -

The estimate of the nonlinear term is straightforward:

(N, up) < llullollull; -

2We can justify the integration by parts here, and similarly the subsequent ones, by a density
argument. Notice that both terms are indeed integrable. For compactly supported smooth functions,
we can, of course, do integration by parts since the boundary integral vanishes as the radius goes to
infinity. For general cases, we can take a sequence of compactly supported smooth functions that
approximates the functions in the weighted spaces and then take limits. By the Cauchy-Schwarz
inequality, the integrals also converge, and we validate the integration by parts. Such approximate
functions exist since we can first truncate the function in an annulus € < |z| < 1/e such that the norm
outside of the annulus is small; then the weighted norm is equivalent to a regular L?>-norm and we
can approximate by compactly supported smooth functions inside the annulus [430] and zero extend
to the whole space.
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_ 72 23
Now we compute the error terms. We compute i;; = — + ~g—. As a consequence,

we use Fubini’s principle to arrive at

iAo 1 A g
ZE: 4l(u+§Z.Vu—u2)+ZEl(ziui+—)

4
Aiuiij;(0)
+ Z Z %(4@% +22x(l2]) -
J i

Using the fact that i is an approximate solution to the dynamic rescaling equation,

we know that the first term vanishes. We can compute to simplify

_3 /l-u----(O)zz.
R o T TR 12l - @2
ZE- ZM'Z' 64+;Z s (lzh) = ).

We know that the error term is O(|z|*) at z = 0 and O(|z|™?) at co; thus lies in the

weighted space. We conclude that

(Z Froup) < C(1+|V*u(0)Alull, -

The viscous part is more subtle since we need to deal with the singularity carefully.
Notice that

2 2
Vool < leo/lzl] -
We do integration by parts twice to derive

(Viop) = (=301, X (D)l |p> (i, 30) = (a up)

—llwill, + C(IV*u(0)? +|| 1) -

IA

Finally, we decompose the whole space into the near field I = [-1, l]d and its

complement /¢, notice that u = O(z*) at z = 0, we have the estimate

2 2 2 4 12 2
= ~/| = /up~<sup| 4l 5 19+ .

Denote Ej = (u, up). We collect the L* estimate as

1 1
500EG = (L+ N+ 3 (Fi+ AVi).up) < (=3 +C(1+[[Viullo)d + [lullw) £5

+ CA(L + ||[V*ul|eo) Eo + CA||V*u||%, .
(2.3.2)

To close the L2 estimate, we need higher-order estimates to control L* norms.
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2.3.2 Higher order stability analysis
Consider the weighted H* norm for k = 2n + 10:

EX(u) = (V*u,Viupy), pp = 1+ 1073 |z|2+1 (2.3.3)
and we will estimate

1
EGTE,% = (VKL + VAN + Z(vkﬂ + VAV, VRupy) .

Before we start, we will state the following lemma concerning interpolation in-
equalities of lower order terms and L* estimates of a Morrey-type. We define the
weighted auxiliary norms D; = |V u(z)/+1=m72||,. By (2.3.1) and (2.3.3), we
know that Dy < Eo, Dy < E.

Lemma 2.3.1. For any v > 0, there exists a C(v) such that the inequalities hold:
DjSVDk+C(V)D0, 0<j<k,

||Vju<Z>i+l/2”oo < ||Vj+nu<z>i+(n+l)/2”2’ 0< ],l

Proof. We use an integration by parts to compute for k > j > O:

D? =— Z /(81.2Vj_1u B v T SR A I vy, RS AL
i

Noticing that (9;(z)%/*17)? < (z)%/*17"(z)?/=1=" by Cauchy-Schwarz inequalities,

we have D? < D;_1(Dj + Dj,1). By a weighted AM-GM inequality, we compute

for any v > 0, D? < VD?+1 + C(v)D?_l.

Now we prove the first interpolation inequality. Since v is arbitrary, we only need
to prove for j = k — 1, which we can use induction on k and the obtained inequality
Dj <vDjs +C(v)Dj_ to conclude.

For the second inequality, we borrow the idea of proof for the embedding (3.13) of
Proposition 1 in our follow-up paper [77]. We can assume u € C.° by a density
argument and consider WLOG z € R" with z; > 0 for all components. In the region
Q(z) ={y € R", y; > z;} we have |y| > |z| for any y € Q(z). By Lebniz’s rule and

the Cauchy-Schwarz inequality, we have
u@ls [ lodse T u)ldy
Q(z)

< ||Vj+nu<y>i+(n+l)/2||2(/l l |<y>—2i—n—1dy)l/2.
yiz|z

We thus collect the pointwise bound and conclude the proof of the inequality. O
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With the lemma in mind, we denote the terms as lower order terms (l.o.t. for short)
if their px-weighted L?-norms are bounded by vE; + C(v)E for any v > 0. Notice
that for 0 < j < k, V/aV*~/y are l.o.t. since we can estimate

|Vj12|p;(/2 < <Z>—2—j<z>k+(l—n)/2 < <Z>k_j+(1_n)/2,

and thus their p;-weighted L?-norms are bounded by D _ j- Therefore we collect
the linear estimate via an integration by parts and O (1) notations as
k1
_c 2 (zp1):
2 4 pi
4 2 2 2
+C(1 +[|V'ull)AE, + VE, + C(V)Ej .

(VEL, VFupy) < ([-1 + 2] VFu, V¥upy)

We can compute the damping as

k n 1Qk+1—-n)1073k|z2k+1-n 2 1
“1-=+-+- + < -=,
2 4 4 1+ 1073k |2+l L+z]2/8 = 2

where the last inequality is equivalent to
(1+z7/8)(2k +2 — n+ 1073|2177y — 8(1 + 107 |z***1") > 0,

which can be implied by an AM-GM inequality via

10734 3n._ 2 1073
3 2k+3—-n > 2k +3— gy _
n+ gkl 2 (k3 =m) () T

> 10—3k/8(106k/(2k+3—n))|Z|2k+]—n > 8% 10—3k|Z|2k+l—n .

y—ﬁ |Z|2k+1—n

We collect the linear estimate by choosing a small enough v to get

1
(VEL, VFupy) < (-g+C0+ IV*ull) ) Ef + CE} .

For the nonlinear term VXN, by Leibniz’s rule, we know that it will be a linear
combination of V=74 V/u. For a typical term, assume WLOG that j < k/2. By the

interpolation lemma, we have
IV u¥ully, < Dij IV u(z) lloo S Di—jDjin < (Di+ Do)* .
Therefore, we can collect the nonlinear estimate
(VEN, VRupy) < C(Ex + Eo)?Ex .
For the error term, notice that VXF; is O(Z_Z_k) at co. Therefore, it is square
integrable with the weight p; and we can estimate

(VEF, VEupy) < CA(1 + || V*ul|oo) Ex -
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We estimate the viscous term using integration by parts twice
1
(VViL, VEupr) = =(V¥ui, V¥uip) = (Vou, Viu(pr)i) < E(Vku,vku(pk)ii) < CE;.

Finally, we gather our H* estimate as

1 1
Ea,Ei < (-z+C0+ IV*ul|)A) EZ + CE3 + C(Ey + Eo)*Ey

+CA(1 + ||V*ul|w) Ex + CAES .

(2.3.4)

Using again the interpolation lemma, we know that || V*u||e + |4l < Ex + Eo.
Combined with (2.3.2), we know that there exists a constant ug, such that for

0 < u < po, if we consider the energy
E* = E} + uEZ, (2.3.5)
we have the estimate
1 2 1 2 3 2
E@,E < (—1—0 +C(1+E))E“+CE°+CA(1+E)E + CAE~.
Namely that
1
0.E < (—1—O +CEA+CE)E +CA+CAE. (2.3.6)
Notice that here C > 1 is an absolute constant.
2.3.3 Finite time blowup

Recall the ODE (2.2.8) for A;, and noticing that 4 = max 4;, we define y = 1/A.
v(0) = 1/C,,(0) will be the constant we choose now. The ODE for y is

d-4; T
(’)T'y:— /‘;ZZ :1+4;uiijj(0)/l_i’ l:argmaX/l,‘.

i

a priori estimate yields |V*u(0)] < CE. We can assume WLOG that C > 1.
Defining G = Ey, we have

G
|0;y — 1| < 4nC—. (2.3.7)
Y
We will show that E decays as 1/7. We calculate an ODE for G:
1 G
0.G < (_E +CEA+CE)G+C+CE+E(1+4nC—)

| | - (2.3.8)
< (——=+2C-)G+C+8nCG*(—+ —).
10 Y Yy
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We choose C,(0) = 1/y(0) < 1/(10000nC?) small enough such that if we start
from G (0) < 100C, we will have the bootstrap estimate

G < 100C, 1y > y(0) > 10000nC? (2.3.9)

for all time via a standard bootstrap argument.

Proof of the bootstrap bound (2.3.9). In fact, we know by (2.3.7) that d;y(0) > O.
Assume that the bootstrap estimate is false, then by continuity, there exists a rescaled
time 79 > 0 such that (2.3.9) holds for 0 < 7 < 13 and either G(19) > 100C or
v(10) < ¥(0). We compute by (2.3.7) that in (0, 79), d;y > 1 — % > (0 which
rules out the latter case. As a consequence, we estimate the ODE for G (2.3.8) in
(0, 79) as

1 1
0.G < —— —.
LG < 20G+C+G50

By continuity, we estimate ;G (179) < 0 and we conclude that the former case cannot

hold either. We reach a contradiction and conclude the bootstrap. O

Based on the bootstrap estimates, we have the following estimate for y:

400nC?
ey — 1] < ——
y
Thus y/T — 1 as T — oo. Thus we have
. C))its )+ A n .
|<cu>t+1|=|(éif ”':'(c}) Fll=letl=lal < 5o n=1/C.

We can finally show that there exists a blowup time T > 0, such that

A

. Cy )
lim =1, lim—— =
—TT—t t—T |log(T —1)|

Moreover, defining « = }; /ll, we compute the following ODE

400nC?
72

K.

A; G
a”(:””ZZ”W(O)IJ <n+4nC—k <n+
— £ ; vy
i !

Therefore for sufficiently large 7, 0.k < n +800nC>%X. We integrate and get for
T

sufficiently large 7, k < nt + 1600n>C? log 7. Therefore since 1 = max 4, = 1/y —

1/7, we have n < liminf }; /% < limsup }}; % < n. Namely we get 4,7 — % -1,

and thus we arrive at the law

lim =lim4y|/——— =1
1—T \/(T “Dlog(T —1)] =T (T —tA;T




31

Therefore for Cy = 100C, 19 = 1/(10000nC?) and for initial data satisfying the
assumption of Theorem 2.1.1, we know that y(0) = 1/4 and u = g defined in the
rescaled formulation satisfy the bootstrap assumption. We conclude Theorem 2.1.1

based on the asymptotics of C,, C ;

2.4 Numerical Experiments

In this section, we conduct numerical experiments to corroborate our analysis that
our choice of normalization in Section 2.2 indeed preserves a stable blowup and
therefore we are able to capture the log-correction numerically, both in the 1D case
and in the case of higher dimensions with nonradial perturbations. We remark that
our proofs in the work are derived independently of the numerical results in this

section.
Data availability statement: The data and the code will be available upon request.

In practice, we hope to compute the profile even if we do not have prior knowledge.
Therefore in our numerical experiment, we solve (2.2.5) with initial data as a large
perturbation to the approximate steady state. We will compute & dynamically and
recall that our choice of normalization &;, ¢, in (2.2.1) ensures that iZ(0), i,,(0)

remain constants in time.

24.1 1D case
In our numerical study, we choose the initialization that is more general than the

assumption of our theorem as
4(0,2) = (1+2%/8+z*/10)7', G, (0)=1, a=1.

At each time step 7,,, we first determine the normalization constants as

0 :_ﬁ(o)_/lﬁzz(o) o Cu Al (0)
’ a(0) "' 2 24,,(0)

Next, we can determine the time step k via the standard numerical stability conditions

+(0) +

for a convection-diffusion equation, and then we use the 4-th order Runge-Kutta
scheme for the discretization in time and a cubic spline for the discretization in

space to evolve the equation

A

lr = Cull — é1200, + 0% + Al .

Finally, we update our A for time 7,41 = T, + k by a 4-th order Runge-Kutta
discretization scheme of the ODE

(log )z = (281 + ¢u) -
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We use a fixed nonuniform mesh in space with even symmetry considered, and our
computational domain is [0, 10°] with 2000 gridpoints in space. We report that
after 10° iterations in time, the rescaled time T ~ 3.9887 x 10° and log(C‘u) &
~3.9886 x 10°. This means that the amplitude of the solution in the physical space
grows exp(3.9886 x 10°) times, which is impossible to compute if we do not use
a dynamic rescaling formulation. We remark that the computation is very stable
and we stopped after 10° iterations only due to concerns of computational time. In
theory, we can compute for an arbitrarily long time and witness an arbitrary growth

of the amplitude in the physical space.

To see that the profile it converges indeed to the steady state iz, we plot the profile after
m=5x10%5x10%5x105107,1.5x 107,2 x 10 iterations and compare it with
the steady state. We see that the profile converges fast; see Figure 2.1. Furthermore,
we investigate the convergence rate of the profile. Define y(r) = sup_{#i(r) — it}.
We plot y7 after 2 x 107 until 5 x 107 iterations, corresponding to T € [218, 11638].
We see that the residue is approximately of order 1/7; see Figure 2.2. However, we
are only using a finite domain and as time becomes larger, the effect of the finite

domain size becomes more obvious, and y7 will increase slightly.

To see that we can recover the correct convergence rate, we plot (1/2 — ¢;)7 and
(é, + )7 in time to see that they indeed converge to the correct constant 5/8 and
1/4 respectively and therefore will give the correct log-scaling; see for example
indicated by (2.2.2). Again for visualization purposes, we only plot for the first
5 x 107 iterations and we can see that they converge to the desired constants very

fast; see Figure 2.3.

2.4.2 2D case

For the 2D example, we choose a nonradial initialization as
4(0,x,y) = (1+ (x> +y%)/8+x*/100)7", C,(0)=1, A1=A=1.

At each time step 7,,,, we first determine the normalization constants as

ﬁlﬁxx(oa O) + /1212yy(0, 0)

A = —0(0,0) — ,
éu=~2(0.0) 2(0,0)
Al ¢ R A1 ﬁxxxx(o, 0) + /lzﬁxxyy(o, O)
é = ?“ +1(0,0) + 2.(0.0) ,
C /llﬁxxyy (07 0) + /IZﬁyyyy(O, 0)

A C A
&= 3“ +1(0,0) + 2%,(0.0)
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Figure 2.1: Comparison of the profile to the approximate steady state

Next, we can determine the time step k via the standard numerical stability conditions
for a convection-diffusion equation, and then we use the 4-th order Runge-Kutta
scheme for the discretization in time and a cubic spline for the discretization in

space to evolve the equation
PN A 2 A ) ~ ~
Ur = Cuill — Cpxly — Ciyly + 07 + Aylyy + Aollyy

Finally, we update our A;, A, for time 7,41 = 7, + k by a 4-th order Runge-Kutta
discretization scheme of the ODE

(log ) = (2¢+¢,), i=1,2.
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Figure 2.2: Plot of the residue multiplied by the rescaled time

We use a fixed nonuniform mesh in space with even symmetry considered, and our
computational domain is [0,4000] with 200 gridpoints in space in each direction.
To see that we can recover the correct convergence rate, we plot R; := (1/2 — ¢ l')T
and R, := (¢, + 1)t as a function of 7 after 107 iterations to see that they indeed
converge to the correct constant 3/4 and 1/2 respectively and therefore will give
the correct log-scaling; see for example indicated by (2.2.7). We can see that they

converge to the desired constants very fast; see Figure 2.4.

2.5 Finite Codimensional stability
In this section, we will briefly sketch the high-level idea to study high-order van-
ishing type-1 blowup for the 1D semilinear heat equation (2.1.1) under radial (even

symmetric) setting.
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Figure 2.3: Fitting the law of the normalization constants. Left: (1/2 — &)t —5/8
versus T; right: (¢, + 1) — 1/4 versus .

2.5.1 Self-similar renormalization and the approximate solution

For any fixed m € Z., we introduce the self-similar coordinate

X dr 1 Ar 1
= —_—, _—= -, = O’ _— = -, 2.5.1
Y A dt A2 ’ =0 A 2 ( )
and corresponding renormalization
1
a(t,x) = ﬁU (1.5), (2.5.2)
then A(7) = /loe‘%T and U solves the equation
2-2 1 2
0.U=41 mUyy—U—z—y-VU+U, (2.5.3)
m

where the diffusion term can be regarded as a perturbation since 2 — % > 0. This in

turn motivates us to find an approximate solution solving the equation
1
~U-—y-VU+U?=0. (2.5.4)
2m
In particular, this equation can be explicitly solved by
Ud(y) = (1 +cy*™)" (2.5.5)

Here ¢ > 0 is a constant, and m > 1 describes the vanishing order of the next order

expansion of U, near the origin.
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Figure 2.4: Fitting the law of the normalization constants for 2D.

2.5.2 Linear stability
We fix m > 1 and ¢ = 1 in (2.5.5), and plug the ansatz U = U, + € into (2.5.3), it

then follows that & solves
2
e =A>"m Uy, + Le+ g2,
where the linearized operator reads

1
Le=-&—- —yoe+2U,e. (2.5.6)
2m

4dm—4

Next, we introduce a weighted Lé space with singular weight ®(y) = y~*"~" near

the origin to extract damping, which is the essential step to close the nonlinear
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stability. Via the integration by parts, we have the coercivity near the origin

(Gy)y
4m®

(Le, 8)Lé = ((—1 +2U., +

3
)8, 8)L2 arom (&, S)Lé . (2.5.7)
(€]

In particular, with careful analysis, there is a small constant 0 < k = k(m, U,) < 1
such that (2.5.7) can be extended to

1
(Le, S)L%HK < ~Im (&, S)L(za+K . (2.5.8)

Additionally, we need to introduce the higher Sobolev norm H K to close the bootstrap

argument. Precisely,

I3 RU
(Levo) s = ((—1 LI —) oke. a;‘s) +Olell i1 1l 6)

2m dm 2
2K —dm - 1
< = llelle + Olell e llell ), (2.5.9)

where the leading order enjoys damping once we choose K = K (m) > 1.

2.5.3 Modulation ODEs and nonlinear stability
With the singular weight ®(y) = |y|™"~* given previously, introducing a cutoff

function y, we can further radially decompose € into

m

e(r.y) = e (r.y) +&,(r.y),  with .= ) c;(DxONY, (2510
j=0

such that &4(7,y) = O(y*™*?) near the origin, which yields an ODE system for
modulation parameters {c; }7:0:
q:@—iyfq£h+ﬁ%u%@,OSj<m—L

m u

(2.5.11)

) _2 )
Cm = [85],” —2¢co+ A% [Uyylm, Jj=m.

Here [Ah]; is the 2j-th order coefficient of Taylor expansion of h(r) at the origin.
Additionally, &, = O (y*"*?) solves the equation

0re5=Leg+2e,65+6,+G A, U, ],

with the modulation term G[A, U, &,] = O(y*"*?) given by

K
G4 U,g,] = (AZ—%UW + Le, + 85) — Z [/12—%[]” +Le, + 83 .Xyzj.
=0 !

Finally, we can use the standard topological argument together with (2.5.7) and

(2.5.9) to derive the nonlinear stability with finite codimension m + 1.
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Remark 2.5.1. We expect that this nonlinear stability result can be improved to
Sfinite-codimension m — 1, which is two dimensions lower than our previous findings.
The key underlying reason is the presence of two degrees of freedom, namely, the
choice of the blowup time T > 0 and the shrinking rate. These degrees of freedom
can be utilized through a matching argument to recover the corresponding unstable

directions as in [273, ]

Alternatively, one may employ a method of dynamical rescaling to establish stability

with finite codimension m — 1. Specifically, we modify the coordinate (2.5.1) as

X dr 1 | 0 Ar 1 N 1 Uz 1
=— —=—, T ,=0, —=—-——=+=c4, — =-—=—mc;.
Yoo ar e T 1272 T2

We then define the corresponding renormalization

u(t,x) = %U(T, y).

Under this coordinate transformation, U satisfies
2 -2 1 2
0:U=2" mUyy+ (=1+¢4) U - 2—+cs yo,U +U~,
m
where the parameters (c, cg) are determined by the modulation conditions
U(r,0) =U.(0) and [U(1,0)]m = [Uslms

and we eliminate neutral modes by fixing co = ¢, = 0. By applying a similar argu-
ment of modulation ODEs, we obtain the nonlinear stability with finite codimension
m — 1. Notably, introducing extra scaling parameters to perturb the scaling sym-
metry is crucial for extending the argument to the nonradial setting; see previous

works by the second author and collaborators [77, ].

Remark 2.5.2. Compared with the semilinear heat equation, analyzing the Keller-
Segel equation with logistic damping involves several additional challenges. For
example, the profile U, introduced in (2.5.5) is an explicit solution to the first-order
and separable local equation (2.5.4). In contrast, for Keller-Segel equation with
logistic damping, the associated profile equatiois inherently nonlocal and cannot be

trivially solved. This nonlocality requires a more delicate analysis.

Moreover, since there is no explicit nontrivial solution to the profile equation, addi-
tional effort is required to derive quantitative properties of the profile Q. Combined
with the nonlocal nature, these complexities make the establishment of linear coer-
civity of Keller-Segel equation more intricate than in the case of the semilinear heat

equation. Detailed strategies to handle these obstacles will be presented in Section

4of [250].
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2.6 Future works

Having established our robust framework of blowups via local modulations and
singularly weighted estimates, we outline some potential directions for generalizing
our methods for more challenging singularities with multiple scales, and towards

investigation as promising numerical methods.

An intriguing blowup phenomenon happens with a traveling-wave type singularity,

say of the following

—1/2(T - 1)/?
(T -1)

W(x, 1) = (T - 1)320 %

One goal is to generalize the idea of local modulations to traveling-wave type
singularities, where there are two scales at play: the inner scale that determines the
blowup profile at x = 1/2(T —t)'/2 + O(T — 1), and the outer scale that determines
the blowup location at x = O ((T —)'/?). We have demonstrated that via arguments
of local modulations, the outer scale is shown to be stable, leveraging the precise

vanishing order of the profile and making the perturbation vanish at a higher order.

By studying this simple model, one can gain insights to establish singularity for more
complicated models like Keller-Segel or potentially Navier-Stokes equations, which
involve multiple blowup scales. Again, our framework of local modulations comes at
the benefit of using only limited non-explicit information of the approximate profile,

seamlessly amenable to computations of profiles and computer-assisted proofs.

On the other hand, numerical investigations showcased the efficiency of our method
in the computation of the semilinear heat equation [218]. As indicated by our analy-
sis, we enforced (0, ) and V24(0, ¢) to be constant for data with even symmetries.
In practice, one can come up with more stable enforcement of those vanishing con-
ditions, say with a splitting method to enforce those constant quantities, potentially
improving the numerical stability of our method. Implementation of the numerical
methods for general classes of blowups, including those with multiple scales, is of

immediate future interest.

For general nonlinear steady-state equations, one approach is to introduce artificial
time and perform time marching for convergence. Since we demonstrated that
a clever nonlinear rescaling can rule out the potentially unstable directions and
enhance convergence, we have reasons to believe that our methodology can be

adopted broadly as numerical solvers beyond singularity formation.
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Chapter 3

BLOWUPS VIA LOCAL MODULATIONS: COMPLEX
GINZBURG-LANDAU

Building upon the idea in [2 18], we establish the stability of the type-I' blowup with
log correction for the complex Ginzburg-Landau equation. In the amplitude-phase
representation, a generalized dynamic rescaling formulation is introduced, with
modulation parameters capturing the spatial translation and rotation symmetries of
the equation and novel anisotropic modulation parameters perturbing the scaling
symmetry. This new formulation provides enough degrees of freedom to impose
normalization conditions on the rescaled solution, completely eliminating the unsta-
ble and neutrally stable modes of the linearized operator around the blowup profile.
It enables us to establish the full stability of the blowup by enforcing vanishing
conditions via the choice of normalization and using weighted energy estimates, for
anon-variational problem. No topological argument or spectrum analysis is needed,
opening up the possibility to tackle a wide range of type-I singularities. The log
correction for the blowup rate is automatically inferred via the local normalization
conditions, captured by the energy estimates and refined estimates of the modulation

parameters.

3.1 Introduction

We consider the complex Ginzburg-Landau equation

Y= (1+1B)AY + (1 +10) WP 'y — yy, (CGL)

where ¥ (1) : R — C, B, 6,y are real constants and p > 1. The model equation
(CGL) was first derived by Stewardson and Stuart in [424] (see also [109], [120])
to examine afresh the problem of plane Poiseuille flow in a wave system. The
equation is also used to describe various phenomena in many fields, among which
are nonlinear optics with dissipation [329], turbulent behavior [4 1], Rayleigh-Bénard
convection or Taylor-Couette flow in hydrodynamics [122], [344], [343], reaction-
diffusion systems [186], [229], [399], [404], the theory of superconductivity [30],
[66], [125], [171], etc. For further details on the physical background and derivation

'A blowup solution is of Type I if it satisfies the bound lim, ,7(T — t)fﬁ |u(®)||o < o0,
otherwise, blowup is of Type II.
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of the complex Ginzburg-Landau equation, we refer to the surveys [9], [328], and

the references therein.

The local Cauchy problem has been well established through a semigroup approach
in the works [169, , ]. A solution to (CGL) blows up in finite time if
lim; 7 | ()| po(ray = +oo for some T < +co. Singularity formation has been
intensively studied for the two limiting models of (CGL): the classical nonlinear

heat equation in the limit 8,6,y — 0,
oy =AMy + WPy, w(t):xeR! SR, (NLH)
and the nonlinear Schrédinger equation in the limit 3, |§| — oo,
1O+ Ay + P =0, p==xl. (NLS)

We refer to [380] and [147] for intensive lists of references from the early 1960s
concerning blowup results of these two equations. However, singularities in (CGL)
(collapse, chaotic, or blowup) are much less understood in comparison with what
have been established for (NLH) and (NLS). The study of singularity in (CGL) is a
challenging problem due to the lack of variational structure, no maximum principle,
non-self-adjoint linearized operator, etc. Nevertheless, singularity in (CGL) was
experimentally reported in [253], [254] where the authors described an extensive
series of experiments on traveling-wave convection in an ethanol/water mixture and
collapse solutions were observed. We have a sharp sufficient criterion for collapse
in (CGL) for the case of subcritical bifurcation described in [434]. In [148], the
authors used the modulation theory and numerical observations to show that the
collapse dynamic is governed in the (CGL) limit of the L2-critical cubic (NLS).
For the existence of blowup, there are the results of [63] and [64] in which the
authors studied (CGL) for the case § = ¢. In [50, ], [373], the authors gave some
evidence for the existence of a radial solution that blows up in a self-similar way,
their arguments were based on the combination of rigorous analysis and numerical
computations. In [470] and [310], the authors rigorously constructed particular
examples of initial data for which the solutions of (CGL) blow up in finite time for

(B, d) in the subcritical range
b,:=p—-6>—-Bs(p+1), b,>0 (subcritical range). (3.1.1)

The constructed blowup solution in the subcritical case admits the asymptotic be-
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havior

=7

+

W)~ Nog(T -0 [T =0 (p-1+c,1zP)| ", Z

X
T =0llog(T - 1)
(3.1.2)

where the constants ¢, and u are given by
(p-1)° B(1+5%)
=7 >0, SN Sl
=g, T M 2,
The spectral analysis for a non-self-adjoint operator developed in [310] can be

(3.1.3)

implemented for other problems where an energy-type method is not applicable, see
for example [161]. The blowup for the critical range, b, = 0, was solved in [348],
[130] following the approach of [310]. The blowup for (CGL) in the supercritical
range, b, < 0, has recently been solved in [131] for the special choice 8 = 0. We
remark that in the mentioned works ([470], [310], [348], [130], [131]), the authors
focused on the case of dimension d = 1, and briefly described the stability properties
of constructed blowup solutions through a spectral approach in a restricted (well-
prepared) class of initial data. One can go further in the spectral analysis to establish
type Il singularities, for example, the energy supercritical case for (NLH) in [196]
and for (NLS) in [322].

In this chapter, we aim to develop a new approach based on the dynamical rescaling
formulation and the energy method to study blowup solutions to (CGL). Compared
to the aforementioned works that employ radial scalings to the spatial variable cor-
responding to the scaling symmetry, our approach has the following key novelties.
We introduce novel nonradial, anisotropic scalings to the spatial variable that breaks
the scaling symmetry and incorporates it, along with modulation parameters cap-
turing the symmetries of the equations, to develop a novel generalized anisotropic
rescaling in Step 1 in Subsection 3.1.2. This new approach allows us to use a purely
energy-based method to establish asymptotically self-similar blowup in (CGL) and a
clear notion of stability capturing the logarithm correction (3.1.2) in the subcritical
case for a large class of initial data in all dimensions d > 1.  Throughout this

chapter, we use the amplitude-phase representation,
wx, 1) = u(x,1)e?™", (3.1.4)

where u and 6 are real-valued functions of time and space solving the coupled system

O = [A = |VOI*|u — B(2Vu - VO + ulb) +u” — yu, (3.1.5a)
ud,8 = B[A = |VO*|u +2Vu - VO + uAd + ou?. (3.1.5b)
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The case g = 0 is related to a class of reaction-diffusion equations appearing in the

study of pattern formation, see for example [ 86] and references therein.

3.1.1 Main result

For any k£ > 1, we introduce the functional spaces € and &

k k
€. = {w D wlle, = Z ”VjW”pj < +oo}, X = {¢ : ollg, = Z ||Vj¢||ﬁj < +OO}’
Jj=1

J=0
(3.1.6)
where || - ||, and || - || 5, stand for the standard weighted L?-norm with py and g
being defined as in (3.1.28). Let U be the universal profile
- - 1)? —=Lr
U(z):(p—1+(p4b ) Izlz) " VzeR4, (3.1.7)
and Vj be a non-degenerate global maximizer of u( defined by
Vo = argmaxug(z), uo(Vo) >0, —VZuo(Vo) >0, (3.1.8)

where A > 0 means that A is a positive definite matrix. The main result of this

chapter is the following theorem.

Theorem 3.1.1 (Existence and stability of blowup solutions to (CGL)). Consider
B,0 in the sub-critical range (3.1.1), ie. b, > 0, p > 1 and d > 1. Let
K = K(d, p) € N be defined as in (3.1.29). There exists an open set O C g X Fx
of initial data o = uge'® with the property (3.1.8) such that the corresponding
solution = ue'® to (CGL) blows up in finite time T and the following asymptotic
behaviors hold.

(i) (The amplitude-phase decomposition)

< C
g~ 1+|log(T —1)|’
(3.1.9)

HH(t)u(R(z)HV(t), 1)-0(z)

6(R()z+V (1), 1)~ =6 log T (2)

+
Cx

where H(t) and u(t) are scalar functions, R(t) is an upper triangular matrix and
V(t) is a vector in R4,
Hpr! R()

im =1, lim =1z LmV() =V, (3.1.10)
=T Tt STT=0logT—nl T




44

for some Vy € RY, and u(t) admits the expansion®

S dB(1 +6?) . - .
u(t) =— log(T — 1) — ————log|log(T — 1) + fi(r), lim a(¢) = fir,
p— 1 2b, t—>T
(3.1.11)
for some scalar function ji(t) and fir € R.
(ii) (L™ asymptotic behavior)
dp(1+62) 1S A - C
los(T—=HI'" B (T=1)7-Te B0y (R(H) 74V (¢ A < ’
[1osT-nr ™5 0 e RV @), 00" < e
(3.1.12)

where o/ = min {l, ;%} and C = C(ug, 6y) > 0.

Remark 3.1.2 (Description of the set O of initial data). For initial data u satisfying
the property (3.1.8), we can define an upper triangular matrix Mo with My ;; > 0°
and the rescaled variables (U, ©)

Ko _koVZuo(Vo) _
uo(Vo)’ kauo(Vo)
Uo(z) = Houo(My'z+ Vo),  ©o(2) = o(My'z + W),

V2uy(Vo)

Hy = MMy = 0 ko=U(0), K =0;U(0),

(3.1.13)
where U is defined in (3.1.7). Since Vu(Vy,0) = 0, by definition, (3.1.13) implies
the following normalization

Up(0) = ko = U(0), VU(0) =0, V>Uy(0)=V2U()=koly. (3.1.14)

Letv > 0 be small, e; and Cj, be defined in (3.1.30) and (3.3.7), the set of initial data
in Theorem 3.1.1 consists of initial data (ug, 0g) satisfying (3.1.8) and its rescaled
variable (Uy, ©y) satisfies

U()U_l_e2 > 2Cp, Hg_l <v, uo(V())_ptr(Vzuo(V())) <v, (3.1.15)

and

_ _ _d -
IWollex = Uo=Ullex <v. lPollg, = 180—61og Ullg,_,+lI{z)* > VX (@9—61log U)||2 < v.
(3.1.16)

ZWhile the x norm in (3.1.9) only involves Vi¢,i > 1 and u(t) does not play a role in (3.1.9),
we keep u(t) in (3.1.9) to indicate that it captures the phase of . See (3.1.11), (3.1.12).
3Simple linear algebra shows that M is uniquely determined.
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The last quantity in (3.1.15) is invariant under the parabolic rescaling: ug(z) =
A% “Duo(1'2z). We will use its smallness to show that the viscous terms are small
compared to the nonlinear terms. The lower bound UyU~'=¢ > 2C} in (3.1.15)
ensures that Uy(z) # 0 for any z, without which can lead to low regularity of
rescaled velocity |U|P of u? (3.1.5a).

Remark 3.1.3 (Positive definiteness of the Hessian of the initial data). While the
limiting blowup profile U (3.1.7) is isotropic near z = 0, we do not need to assume
that the initial data u is isotropic near Vy, i.e., Vzuo(VO) is close to cl; for some
¢ # 0. By introducing the upper triangular matrix R(t) in the rescaling (see
(3.2.1)), we can handle a much larger class of initial data with non-degenerate

global maximizer (3.1.8).

Remark 3.1.4. The asymptotics of the blowup solution (3.1.12) recovers the con-
structed result of Masmoudi-Zaag [510] for the case d = 1. The set of initial
data leading to the blowup solution described in Theorem 3.1.1 contains different
elements (see Remark 3.1.2) from the one described in [310] which is a subset of
L (R) via spectral analysis of a non-selfadjoint linear operator. We note that there
is a free phase-shift i in (3.1.12) corresponding to the phase invariant of (CGL)
that was fixed to be [i(t) = 0 in [310] by a specific choice of initial data through
a topological argument. We remark that the relaxing asymptotics (3.1.10) and
(3.1.11) are natural for rigorous stability analysis in all dimensions d > 1 treated

in this chapter.

Note that the asymptotic behavior (3.1.9), (3.1.12) involves the 4 parameter functions
H,R,V and u (or i) which are responsible for all the symmetries of (CGL).*
Theorem 3.1.1 is stated in terms of the rescaled profiles, with a singular weight at
the origin. We note that the condition (3.1.8) and parameters My, Hp, Vj in (3.1.13)
are C2-stable if the global maximizer is unique. We can therefore simplify the
assumptions in Theorem 3.1.1 to obtain the following stability results with a more

explicit description of the open set of initial data.

Theorem 3.1.5 (Stability of blowup solutions to (CGL)). Let K = K(d,p) € N
be defined as in (3.1.29), and HX, Fx_1 be the norms defined in (3.3.9), (3.1.6).
Suppose that (ug, 0o) satisfies the assumptions (3.1.8), (3.1.15), (3.1.16) and Vj

4 Although H(r) is absent in (3.1.12), we can replace the factor (T — 1)"/(P=1) by H(r) using
(3.1.10).
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is the unique global maximizer: ug(Vo) > uo(z) for all z # Vy. There exists
€y = €o(ug) > 0 such that if

lldio — uollgx +1I (o — ) U~ L + 1160 — Boll5_, + 12X~ VX (G0 - 00)l,2 < €0,
(3.1.17)
the solution = iie' to (CGL) with the initial data ¥ = ﬁoelg" blows up in finite
time T. Moreover, there exists H(t),R(t), V(t), u(t) satisfying (3.1.10) and (3.1.11)
such that (3.1.9) and (3.1.12) hold for (ii(t), 6(t)) with T being replaced by T.

From the proof of Theorem 3.1.5, it can be shown that €y depends on u( through its

certain norms. We do not state the dependence explicitly for simplicity.

Remark 3.1.6. The assumptions in Theorems 3.1.1,3.1.5 are satisfied, e.g. for
uyg = CU, 6y = Oy with C sufficiently large. The weighted norms || - ||« (3.3.9) and
| - llgs (3.1.6) are well-defined for sufficiently smooth functions with fast decay. We

do not require that ug — iig agrees up to O(|z — Vo|¥), k > 0 near the maximizer Vy

of uy.

3.1.2 Dynamic rescaling formulation with extra modulation parameters
The dynamic rescaling formulation or the modulation technique was developed
to study singularity formation in the nonlinear Schrodinger equation [315], [263]
numerically and various nonlinear PDEs; see the comprehensive references on
(NLH), (NLS), and related models in [380], [147]. Recently, researchers also
generalized this technique for fluid mechanics [72, 73, 74], [135]. We can establish
singularity in two steps. Firstly, one constructs an approximate steady state of the
dynamic rescaling equation (analytically or numerically). Secondly, one performs
linear and nonlinear stability analysis for perturbation around the approximate steady
state with appropriate normalization conditions. The law of blowup will then be
prescribed by the normalizing constants. One can establish stability using a L>-
based [76, 75] or L®-based [73] argument. In these arguments, one of the crucial
steps is to design appropriate singular weights depending on the profile, and then
use the weights to derive damping terms for the energy estimates. The approach
does not require an explicit profile and is robust to small perturbations, which makes
it possible to combine weighted energy estimates for stability analysis, a numerical
implicit profile, and computer-assisted proofs to construct blowup solutions. See
for example, [73, 74] for applications in 3D incompressible Euler equations with
smooth data and [76, 75], [70], [219] for related 1D models.
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In [218], the authors generalized the L2-based methodology to establish a type-I
blowup for the semilinear heat equation beyond the self-similar setting where there is
a logarithm correction in the self-similar scaling for the spatial variable. Compared
with previous works [45], [197], [324], [1 1 5], [310] where the authors heavily relied
on a spectral analysis with detailed properties of the associated linearized operator
to establish the existence and stability, we simply suppress unstable directions and
neutral modes via a clear characterization of weighted Sobolev spaces, without us-
ing Brouwer’s fixed-point theorem or a topological argument. The correct Type I
blowup rate is automatically inferred by enforcing proper vanishing conditions of the
perturbation. We remark that for Type I blowup, there is indeed a link between the
vanishing conditions at the origin and the vanishing coefficients projected onto the
unstable and neutral spectral eigenfunctions. It is worth mentioning that the method
used in [2 1 8] shares a similar approach to that of [1 15], where the authors employed
self-similar variables and derived the blowup law by imposing orthogonality condi-
tions on the perturbation with respect to the eigenfunctions (Hermite polynomials)
of the associated linear operator in an exponentially weighted L? space. In particu-
lar, these orthogonality conditions are analogous to the vanishing conditions at the
origin in the correct blowup variables considered in [218]. A further explanation of

this connection is discussed in Step 2 in Section 3.1.3.

A generalized dynamical rescaling formulation with extra modulation param-
eters’. In this article, we further generalize the above framework and the ideas in

[218]. In particular, it consists of three main steps:

Step 1 (Renormalization with extra modulation parameters): The renormalization is
an essential step in the study of nonlinear PDEs with symmetries including incom-
pressible/compressible fluids equations. For the equation (CGL), there are trivial
symmetries (see Section 3.2.1) from which we introduce the following renormaliza-
tion in terms of the amplitude-phase representation ¥ (x, 1) = u(x, t)e'?*?,

U(z,7) = HD)u(R(1)z+V (1), (7)), O(z,7) = 0(R(1)z+V(7),t(7)), t(7) = /T HP7Y(s)ds,

(3.1.18) ’
where R(7) € R?*? is a upper triangular matrix, V() € R? and H(t) € R,. Here,

H is responsible for time, V for spatial translation.

>The modulation parameters are also known as normalization constants in the dynamic rescaling
formulation.
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The key novelty is that in addition to modulation parameters corresponding to the
symmetries, we introduce extra anisotropic modulation parameters. Instead of
applying the same rescaling to z;, we rescale z; with different but similar scalings
following the ideas [218]. See also a recent work [211] on the generalized Navier-
Stokes equations, in which the author developed a generalized dynamic rescaling
formulation by using different rescalings for the » and z directions respectively
and a self-similar blowup was observed numerically. In the case of (CGL), we
rescale z; with scaling slightly perturbed from the parabolic scaling. We remark
that the choices of different scalings for z; violate the scaling symmetries. Yet, in
the case of (CGL), we will show that the violation is asymptotically small and R(7)
converges to c¢(7)I; asymptotically for some scalar function c¢(7). Therefore, the
above renormalization (3.1.18) asymptotically agrees with the classical dynamical
rescaling formulation [73, 74], [76, 75]. These extra parameters provide us extra
d—1 degrees of freedom, and we have crucial 1+d +@ degrees of freedom in total
in choosing the dynamic variables H(7),V(7), R(7). A natural idea to represent
the scaling in z; and capture the rotation symmetries is to choose R(7) = D(7)Q(1)
with a diagonal matrix D and an orthogonal matrix Q. Yet, it is challenging

to parametrize a time-dependent orthogonal matrix in R4, We overcome this
d(d+1)

difficulty by using the upper triangular matrix R(7) with =5

parameters.

To determine these modulation parameters, we impose normalization conditions on
ViU(0),i =0, 1,2, so that the perturbation of U vanishes O(|z|*) near z = 0 and we
can perform weighted energy estimates mentioned above. Note that the number of
(different) equations and that of the degrees of freedom are exactly the same. For
(CGL), these conditions allow us to completely eliminate the unstable and neutrally

stable modes of the linearized operator. See Step 2 in Section 3.1.3 for more details.

Step 2 (Equations of the profiles and modulation parameters). We derive the equa-
tions of F = (U, ©®) and matrix (or vectors) Q(7) governing the modulation param-
eters R(7),V(7), H(7),

6.F = Nr(F,Q), %Q = Jo(F,Q), (3.1.19)

where A 1s a nonlinear function and /g is a matrix. Then the rescaling system
is completely determined, and we further construct the approximate steady state

(F, Q) analytically or numerically.

Step 3 (Stability analysis and the log correction): In general, we do not know a-
priori that the approximate steady state (£, Q) is stable in some suitable topology.
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Nevertheless, if we can establish stability of (F, Q) following the strategy mentioned
above and H(7)?~! is integrable, then we can obtain finite time blowup using (3.1.18)

and the law of blowup will then be prescribed by the normalizing constants.

For (CGL), we will use the energy method with an energy E for the perturbation
F — F to establish

d d
—E < -1 -E+Cu(Q)+1.0.t., —tr(Q) < —¢» - tr(Q)> + Lo.t.,
dr dr

for some cy,cy,C > 0, where Q is a positive definite matrix and [.0.t. denotes
some terms that are very small. The second ODE of tr(Q) further implies that
ltr(Q)| < (1 +7)~!. A further refinement of this algebraic decay in the self-similar
time implies a log correction log(7" — ¢) in the blowup rate. We will elaborate more

in Step 2 in Section 3.1.3.

One can thus hope to combine the above method for a log correction and the
framework [73, 74] to problems with numerical steady states, while spectral analysis
heavily hinges on a simple and analytical approximate steady state with explicit
(nonlinear heat [324]) or at least asymptotical spectral information of the linearized
operator (Keller-Segel [92]). For example, constructing a smooth (approximate)
steady state in the dynamic rescaling equations analytically for 3D incompressible
Euler or Navier-Stokes equations (NSE) is challenging and remains an open problem.
On the other hand, constructing a numerical approximate steady state with computer-
assistance is much more feasible. See [73, 74], [450], [445] for the construction in
3D Euler equations. For NSE, self-similar blowup with a perfect self-similar scaling
has been ruled out [433], [341]. Yet, one can construct a blowup violating these
non-blowup results by adding a log correction in the spatial variable. See numerical
evidence on the singular behavior of NSE with a potential logarithm correction in

the potential blowup by the second author [213].

3.1.3 Ideas of the blowup analysis

We first discuss some of difficulties in the study of singularity formation in (CGL).
Then we follow the generalized dynamic rescaling framework to establish the ex-
istence and stability of asymptotically self-similar blowup solutions to (CGL) by
briefly discussing the strategy and main ideas of our analysis.

Difficulties: Compared with (NLH) or (NLS), the analysis for the complex Ginzburg-
Landau equation (CGL) has the following additional challenges.
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1. The complex Ginzburg-Landau equation (CGL) is not of a gradient form, render-
ing energy estimates hard. To overcome this challenge, we use the amplitude-phase
representation (3.1.4), (3.1.5) to analyze (CGL).

2. We remove the even symmetry assumption of the perturbation required in [218]
to recover full stability. Without the even symmetry assumption, we have more
potentially unstable modes for the linearized operator. We control these unstable
modes using the generalized dynamic rescaling formulation in Step 1 in Section
3.1.2.

3. We consider the whole range of the nonlinearity p > 1. For the analysis of
the phase equation (3.1.5b) and the nonlinearity u” (3.1.5a), (3.1.5b), we need to
bound the rescaled amplitude U from below, which we establish using the maximal
principle and a weighted L* estimate. Due to the non-integer power p to control
VK (UP) in the HX estimate, which leads to terms like UP~X(VU)X, we need to
obtain sharp decay estimates for V'U. This is done by choosing an almost tight
power in the far field of the weight for the weighted H* energy estimates and using
interpolation and embedding inequalities following [78]. An additional difficulty
comes from the coupling between u, 8 in the viscous terms in (3.1.5a), (3.1.5b). We
design the top order energy with a special algebraic structure to cancel out the top
order terms and show that the viscous terms have a good sign. See Step 3(b) in
Section 3.1.3.

Ideas and strategy: We briefly discuss the strategy and main ideas of our analysis.

Step 1 (Dynamical rescaling formulation): We follow Step 1 in Section 3.1.2 to
perform the rescaling (3.1.18). Then, we introduce the following factors governing

the evolution of these parameters

H,
— =cu, cy=-

+ew, M=e IR\, v=-RYV,, P=MMT"
H p—1

(3.1.20)

Step 2 (Normalization and vanishing conditions): Let U be the profile defined in
(3.1.7). To determine the law for the parameter functions H(7),V(7),R(7), we

enforce the following normalization conditions on the amplitude U:

k=0,1,2, VfU(0,7)=V*kU(0). (3.1.21)
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Since V2U € R9*4 ig symmetric, we have 1 + d + w different equations, which
match the degrees of freedom of the dynamic variables exactly. The above conditions
determine the initial modulation parameters H(0), R(0), V(0) and the leading order
system of cy, P,V (3.1.20)

2(1 - B5)

w=—""tr(Q)+0(&), V=0(&), P=0(Ql+8&), where Q=H"le" MM,

4b,
(3.1.22)

where &g tracks some lower order terms depending on the perturbation (W, ®)
(3.1.24a), (3.1.24b) and Q. The main unknown Q € R4 (a positive definite

matrix) solves the following ODE
1
ééﬂ@):AﬂQ%+mX8dQDs—gadQD2+OQMQD. (3.1.23)

From (3.1.23), (3.1.22), (3.1.20), we can control all the modulation parameters. A
refined estimate using tr(Q) and tr(Q!) yields Q = %Id + O (1737, together with
an asymptotic refinement of the phase yield the asymptotics in Theorem 3.1.1. See
Section 3.2.3 for deriving (3.1.22), Section 3.4 for the estimates of Q and Proposition
3.4.2 for the refinement of the phase.

Roughly speaking, imposing (3.1.21) for U is equivalent to imposing local orthog-
onality conditions for the perturbation W = U — U to 1, z;, z;z j»1 <i,j <d. These
functions are all the neutrally stable and unstable modes of L = Id — %z -V, which
behaves similarly to the main linearized operator Z; in (3.1.24a) for |z| small. We

then get a damping in the weighted L? energy estimate.

Step 3 (Stability analysis): We linearize (U, ) around the approximate steady state
(U, ®) defined in (3.1.7) and (3.1.27) and obtain the equations for the perturbation
W=U-U,®=0-0,

_ 1
Wy = LW+ Fy + My + Dy, LW = (- +pUV4—§zWUW,

p—1
(3.1.24a)

1
O, = 5% VO + Fg + Mo + Do, (3.1.24b)

where Fy, Ny, Dy, Fo, No, Do are small residue, nonlinear, and viscous terms
(3.3.3), and will be treated perturbatively. Below, we outline the stability estimates

and focus on the linear part and the viscous terms.

(a) Estimates of the (W, ®) : &} to the leading order is the linearized equation for

the Riccati equation or the semilinear heat equation. With the vanishing conditions
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VKW =0,k = 0,1,2 (3.1.21), we obtain its stability using weighted H* estimates
with singular weights. See [218] in the case of p =2 and [77], [76, 75], [70].

The right-hand side of (3.1.24) only involves V®, which enjoys better stability. We
estimate V® by performing a similarly weighted H¥ estimate (starting from k = 1)
on (3.1.24b) and exploiting the term —%Z - V.

In the nonlinear estimates and the estimates of the phase, we need to control 1/U.
We use the maximal principle and a weighted L* estimate to obtain a lower bound
of U.

(b) Estimates of the viscous terms: For the viscous terms Dy, Pg (3.2.9), the main
difficulty is the coupling between U and ©. At the top HX estimate, the highest

order derivative terms read

VEDy = AgVEU — BUAQVE® + 1.0t =11 + L+ Lo.1.,

AQVKU

VEDe = +AqQVEO +10t. =L+ 14+ 101,

where AgF is a weighted elliptic operator defined in (3.2.6). The terms I, I4
lead to damping terms of VA*!'U and VX*!@ via integration by parts. To control
I, I, we exploit their cancellation using the energy J; below with some weight px

independent of U, ® and couple their estimates in J,

n= [ wes P = [(puaavie)viust Yy vy
(3.1.25)

Applying integration by parts, J> reduces to some lower order terms and we can

close the viscous estimates. For estimates of intermediate-order terms, we use

interpolation inequalities following [78].

(c) Choosing the weights: To extract damping in the energy estimates, we need to
design various suitable weights. The weights (3.1.28) for W are very similar to those
of the semilinear heat equation [218]. They are singular near z = O for the lower
order energy estimates and regular for the top order energy estimates so that the
viscous terms will have a good sign. In addition, we choose an almost optimal rate
at the infinity for these weights to obtain a sharp decay estimate for (W, ®) using

interpolation and embedding following [78].

Organization of the chapter: The rest of the chapter is organized as follows. In

Section 3.2, we introduce the generalized dynamic rescaling formulation using the
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symmetries of (CGL) and derive the ODEs governing the modulation parameters.
Section 3.3 is devoted to the stability analysis of the profile. In Section 3.4, we
establish the asymptotics of the blowup rate. In Section 3.4.3, we prove Theorem
3.1.1 and Theorem 3.1.5.

Notations: We use 1 to denote the imaginary number, f to denote approximate
profiles for the variable f, e.g.,U, rather than conjugates, and (-, -) to denote the inner
product on R?: (f,g) = ./Rd fg. For a weight p, we denote || f||, = (Lf %, p) 2.
For matrix notations, we use tr(R) to denote the trace of a matrix R, T"(R) to denote
the upper triangular part of R; namely (T“(R));; = R;j1;<;. We use ¢;; = 1,; to
denote the Kronecker delta function, and |T| := (3; Tl.z)l/ 2 with summation over
all entries T; to denote the tensor norm of a tensor T, e.g., higher-order derivatives
VX f. We use C to denote an absolute constant only dependent on the constants
p, B, 0,y and the dimension d, which may vary from line to line. C(u) denotes a
constant depending on u. We denote A = O(B) or A < B if there exists an absolute
constant C > 0, such that |[A| < CB, and denote A ~ Bif A < B and B < A.

Furthermore, we denote

A=z-V, () =+1+[z2. (3.1.26)

Parameters and special functions: We introduce

_ —1)2 2
r+6logl, cp:u o= (3.1.27)

®:p—1 ab, 7’ p-1

We choose the weights for the H* estimates as follows:

d+5 d+5
|—6+e—d+2k +CO|Z|—20'—e—d+2k, 0<kc< Ok = 1+c1|Z|—20'—e—d+2k’ < k,

pr =z

’ 2
d d
ﬁk:|Z|2k_1_d,0<kS§’ Br =1+ [z, 5 <k<K, px = Upk,
(3.1.28)
where we determine the constants in the following order:
1
K=2d+4+2|—L7 , (3.1.29)
min{p — 1,c,}
-1 4 -1
e= min{—2 T e I )

5(p+3)(K+p) 5(p+3)(K+p) 4
For cq, ¢; used in (3.1.28), we determine cq via (3.3.26) and c¢; via (3.3.47). Note
that cg, ¢ only depends on K, €, p, 5. Hence, they are considered as fixed constants

throughout the chapter.
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3.2 Generalized dynamical rescaling formulation

In this section, we introduce a generalized dynamic rescaling formulation and de-
compose the complex Ginzburg-Landau equation into the equation of the phase and
the amplitude. We will consider a linearization around the approximate profiles and
choose the modulation parameters based on the vanishing conditions. Finally, we

will estimate the ODE of the modulation parameters.

3.2.1 Symmetries and renormalization

We exploit the following symmetries of equation (CGL) to study stability for general
perturbation, which will motivate our choice of rescaling. If ¥ (x, ) solves (CGL),
all of the following also solves (CGL):

1. Phase shift: ¢, (x,1) = e"“¥(x,1), fora € R.
2. Parabolic scaling for y = 0: ¢! (x, 1) = [Y/P=Dy (11/2x, 1r), for | € R.
3. Translation: ¥, (x,1) := (x — b, 1), for b € R%.

4. Rotation: ¥R (x,1) := ¥ (Rx, ), for orthogonal matrix RRT = I,.

We use the symmetry groups of the parabolic scaling via a rescale in amplitude, of
the translation via a shift in space, and of the rotation via a rotation and rescaling
in the spatial variable parametrized by an upper triangular matrix. In sum, we can
exploit modulation with 1+d+ w degree of freedom. The phase shift invariance
corresponding to a constant addition in ® is taken care of in (3.1.11) and (3.1.12).
It is irrelevant to the dynamical modulation of stability since the right-hand sides
of (3.1.52) and (3.1.5b) only involve the derivatives of ®. We remark that the
modulation of symmetries due to Galilean transformations, including the rotation
symmetry, has been used successfully to obtain shock formation in compressible
Euler equations with fine characterization [48]. Below, we will use a general
upper triangle matrix, which simplifies the parametrization of the time-dependent

orthogonal matrix.
For solution i to (CGL), we consider the amplitude-phase form s (x, t) = u(x, t)e‘e(x”),
where u(z) : x € R - R, and 6(¢) : x € R¢ — R. For the amplitude « and phase

¥, we introduce the generalized dynamic rescaling formulation

U(z,7) = HD)u(R(1)z+V(7),t(7)), O(z,7) = 6(R(1)z+V(7),1(7)), (3.2.1)
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where the main unknown parameter functions are R € c! ([TQ, +00), RAxd ) a non

degenerate upper triangular matrix, V € C! ([70, +o0), Rd) and H is given by

H = H(0) exp ( / ' cu(s)ds), ()= / ' HP'(s)ds . (3.2.2)
0 0
In a compact form, we have
U(z, 7)e'®") = H(7)(ue'?) (R(1)z+V(7),1(7)), = ue'. (3.2.3)

We decompose the solution into the approximate steady states (3.1.27), with pertur-
bations W, ®:

U=U+W, 0=0+®, cy=- tvew, H=e 71Cy.  (3.2.4)

p—1
If R(7) isascalar factorand V = 0, (3.2.3) reduces to the standard dynamic rescaling
formulation, see e.g., [75, 76, 72]. If R(7) is a diagonal matrix and V = 0, it reduces
to a formulation similar to [218]. We will show that R is close to some identity

matrix and V is some lower order term.

We first compute the spatial derivative
VU = He'®VyR - tHye 0V0,
VU = He'®RTV2yR—1He @ (VyRVO +VOR Vy ) —Hy e "OVOVO' - Hye PV?0.
We then write from (CGL) the equation for U,
U, = —10.U + cyU - (%Z +Pz+V) VU - zU(%z +Pz+V) VO + (1 +16)U” - C'yU
+ (1 4+18)(AQU +21(VU,VB)q — U(VO, VB)q + 1UAg®) ,

where P, V are related to the matrix R as
M=eTPRT, V=RV, P=MM" Q=ci'MM", (325
and we use the notation
Aqf =tw(QV?*f), (x,y)a =x'Qy, Vx,yeR% (3.2.6)

Taking the real and imaginary parts we arrive at the following equations for U and
O:

1 .
U, :cUU—(§z+Pz+(V)-VU+U1’—C[’} YU+ a9y, (3.2.7)

1
Or = —(5z+ P2+ V) VO +6UP™ + D, (3.2.8)
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where 9y and Dg consist of the viscous terms and the nonlinear quadratic term we

define the viscous terms as follows:

Dy = AQU - 2B(VU, VO)q — U(VO, VO)q — BUAGO, (3.2.92)
AU (VU,VO
Do = B ?] +2! - )a _ B(VO, VO)q + Ag®. (3.2.9b)

We will show that the diffusion and Q, cw, V., P, H? ~1 are lower order terms. See
Remark 3.2.2. Dropping these terms and setting ;U = 0, we obtain the leading

order parts of (3.2.7) and (3.2.8):

r -1 - - | -
———U--AU+U0" =0, ©,=-=-AO+s0"",
p—1 2 2
whose solution are given by the approximate profiles (U, ®) defined in (3.1.7),

(3.1.27).

3.2.2 Initial rescaling and normalization conditions
We will choose some proper initial modulation parameters H(0), V(0), M(0) and
the dynamic variables cy, V, P such that the perturbation W vanishes to the third

order. We denote the following constants
2

- 3 L P _ ZCPKQ v _ 12pCpK0
ko=U(0)=(p-1)77T, Kz—(?lU(O)——(p_l)z, K4—61U(0)——p_1)4-
(3.2.10)

Giveninitial data (u, 0) (3.2.3) satisfying (3.1.8), we first define My, Vi, H(0), ©¢, Uy

using (3.1.13). Then we determine other initial rescalings and initial data using
V(0)=Vo, M) =My, R(©O0)=M;', 0(z,0)=0(z), U(z,0)=Up(z).
We impose the following normalization conditions in time as
U0,7) =U(0) = kg, VU(0,7)=VU() =0, V>U(0,7)=V2U(0)=xly.
From (3.1.14), the above holds for 7 = 0. By the ansatz (3.2.3), it reduces a
dynamical condition in time
a.vVkU(0,7)=0, k=0,1,2,

which we can use (3.2.7) to simplify as
2u(0
L 2v0

~1 _
cU+/<g —HPly Ko

=0,

K2V =V2y(0),

_ 0;i2y(0) =V -Vo;;U(0
(CU—1+ng l—Hp_l’y)éij—(P[j+Pj[)+ £l U( ) £ ( ):O,

K2
(3.2.11)
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for any indices i, j. Notice that the inverse of an upper-triangular matrix is still
upper-triangular, and as a consequence P = M. M™! is upper-triangular. We can

further simplify the equations for ¢y and P by the ansatz (3.2.4) as follows:
~2u(0) ‘

0 0;iDy(0) =V -Vo;W(0
cw = —+H”_1y, (1+6,-J-)50,-_,~:—9U( )6,-J+ 2v(0) / (),

Ko K0 K2

(3.2.12)
foranyi < j. We will estimate equations (3.2.12) and (3.2.11) in the next subsection.

3.2.3 ODE for the modulation parameters
In this subsection, we simplify equations (3.2.12) and (3.2.11) to derive a leading
order ODE. We will treat the perturbations W, ® as low-order terms and estimate

them in Section 3.3. Denote

= max  (|[V*W]leo, [VI®]|o), &0 =|QUITC+TH+HP'.  (32.13)

SAZI, 1SS

Clearly, we have TV |Q| < &p, 1 < i < 4. We use & to track some lower order terms.

Lemma 3.2.1. We have the following estimates for the modulation parameters:

2(1 - B9)
cw =

T (p-1)2 cpr(Q) +0(&), V =0(&), (3.2.14)

and

1 1
P=0(QI(1+TH+H'), Q =—(Qu+ 7Q1)Q - QQL + 5Qa) +0(&Q)),
(3.2.15)
where Q,, Qq are the strictly upper part and diagonal part of Q.

Remark 3.2.2. Formally to the leading order when we take the trace, we have
tr(Q); ~ -tr(Q?, tw(QH,~—-d.

Recall that Q = C";,_IMMT is positive. We can estimate tr(Q), tr(Q~") and obtain
Q ~ 1t 11, Therefore Q, cw,V,P are indeed small and the viscous terms can be
treated perturbatively. We will make this heuristic rigorous by choosing H(0) =
Cw(0) small; see Section 3.3.6. Although we allow anisotropicity in the initial data,

the profile will converge to a isotropic one, i.e. Q will converge to a diagonal matrix.

Proof. Notice that by (3.2.9a), we have

Py =tr(QS)), 8§ =VU-28VUVO’ —UVOVO' — BUV?O. (3.2.16)
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We can simplify (3.2.12) by an asymptotic expansion of S; near the origin up to the

second order.

7 K2y 2, K4 14 6 5 _ 0 g _ ok 3
U=«xp+—= + — +0 , VO==VU=6—=z+0 ,
Ko+ = |z 24IZI (I1z°) O e (Iz)
K4

_ K
VU = koI, + glzlzld + gzzT +0(|z]Y),

= 0 _Hr=- O - - K K K5
V20 = —V20 - —VOVO" = (=14 + (— - —5)(|z[1a +222")) + O(I2l*) .
U U Ko 6«0 2k

Decomposing U = U + W, 0 = O+ ® (3.2.4) and using I" (3.2.13) to control the

perturbation W, @, we expand

2 2
K K K K
Si = k(1= BO) g+ (% + (=28 - 6)6 2 - Bo(= — —2))zz"
3 Ko 3 KQ
Ka _ ps K% K4 K% 21+ Ol + T 4T3
+(g—,3 (—2K0+g——2ko))|2| da+O0(zI"+T+17).

The estimates for V'S are similar. We have chosen T (3.2.13) to control VAW, VA*+1
with high enough order k. In particular, for an error term / in §; bounded by
Iz|*+T +13, e.g.,(U—-U)V?*(® — ©), we have

Vil < |z +T+13, i=1,2.

Since we only need the expression at z = 0, the error term O(|z|/), j > 1 vanishes
in the following derivations. For this reason, we do not track the constant associated
with |z|/.

As a consequence, we have the expressions for derivatives of 9y as

Du(0) = k2(1 = Bo)r(Q) + O(Ep), VD (0) = 0(&Eo),
K4 K4 K%
0;j Dy (0) = 6;;(1 —ﬁé)?tr(Q) +2((1 —,35)§ - (B+ 5)5K—0)Qij +0(&p) .

We plug the estimates into (3.2.12) and (3.2.11) and get
cw = =2(1- BO(Q) +0(&) . v =0(&).
0
P =T¢[ X (1 - BoYr( @1y + (1 - Bo) 2 — (B+6)52) (2@ - diag(a))]
6Ky 3k Ko
- T (5 (1= BO)r(Q)1a) + O(Ev)
Ko

where we recall that T is the upper-triangular part of the matrix. Notice that by
(3.2.10), we have the relationship

K4 K2

K K K
c=py . (1= = (B+8)5— = (p— 6" = Bo(1+p))—~ = .
6k~ 2k0 3k> Ko Ko 2
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Therefore, we collect

P+ L

ewly = -T"(Q — %diag(Q)) +0(&) . (3.2.17)

Recall that M, = P M by definition, and we can compute

Qr = (p-D)ew@+ClT P MM AMMIPT) = (P+22

1 -1
Cwld)Q+Q (P+p 3 Cwld)T .

If we decompose Q into the strictly upper, lower, and diagonal parts as Q = Q,, +

QI + Q,, then we can simplify
1 1
Q =—-(Q,+ EQd)Q — Q(QZ + Ead) +EqQ + QS(S, Eq = 0(&p).

and we conclude the proof of the lemma. O

Remark 3.2.3. In the above ODE of Q, we get —1 for the coefficient of Q* since
we have normalized the profile (3.1.27). The factor p — 6> — B6(1 + p) > 0
(corresponding to the subcritical case) appears in the constant c,. For the critical

case
p-6*—ps(1+p)=0,

without such a normalization, we can see that if we do something similar, the
coefficient of Q* will be zero. We could keep track of the next order terms of size T
to derive a system of size |Q|>. This can potentially help us establish a result similar

to [130] but we do not pursue it here.

3.3 Stability analysis and finite time blowup
In this section, we perform stability analysis and establish nonlinear stability of the
perturbation around the approximate steady state following the ideas and strategy

outlined in Section 3.1.3.

We linearize (3.2.7) and (3.2.8) around the approximate profile as in ansatz (3.2.4)

and obtain the equations of the perturbations as follows:
WT=$UW+9U+./VU+@U, (331)

1
b, = —EA(I)+97@+,/V@+@@, (3.3.2)
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where we recall from (3.2.9a) and (3.2.9b) the definition of Dy and Dg, and define

the linear, residue, and nonlinear parts respectively as

LW = cgW - %AW +pUP'W, A=z-V,

Fy=cwlU— (Pz+V)-VU-CI YU, My=(U+W) -0 - p0r'w,

Fo=—-(Pz+V)-VO, UMy=5(U+W)r--0grty.

(3.3.3)

We will group the terms by integrability: & and ./ vanish to the third order at the
origin. Recall that by Lemma 3.2.1 and Remark 3.2.2, we know that Q, cy, V, P
are small. The viscous terms Dy, Dg are small of order |Q| with a typical size of
1/7. Also obviously H = Cye™"/ (P~ is small.

We define the weighted H energy as follows

Ef=(IV’Whpr), 0<k<K, Fl=(V'®%p), 0<k<K.
(3.3.4)

Our goal is to prove the following nonlinear stability results.

Theorem 3.3.1. Denote Eq = tr(Q). There exists 0 < E, < 1 sufficiently small and
u3 > 0, such that for any initial perturbation satisfying

Up >2Cy, E(0)<E., Eq<E, HY0) <E, (3.3.5)
we have the following estimates for all T > 0

Eq(7) < min(2Eq(0),4d/7), U(r) > C,U"™2, HP™'(1) < HP™'(0)e /2,
E(t) < e "2(E(0) + u3H? ™" (0) + u3EQ(0)) + p3 min(Eq(0), 1/7).
(3.3.6)
Here Cp, H(7), E(7), € are defined in (3.3.7), (3.2.2), (3.3.50), and (3.1.30). More-
over, the bootstrap assumptions 3.3.2, 3.3.9, 3.3.10 (introduced below) hold for all
7> 0.

Note that the parameters u1, u, will be introduced in the proof in Section 3.3.6.

We impose the following weak bootstrap assumptions for nonlinear estimates. To
control 1/U, which will appears in the estimate of /47, /g, we impose a lower bound
on U, which is almost comparable with U, up to a small power. To simplify the
notations in the nonlinear estimates and to ensure that R, M are invertible (3.2.5),

(3.2.4), we impose the following weak assumptions on the energy E;, F; and det(Q).
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Assumption 3.3.2. Let €; be defined in (3.1.30). We impose the following bootstrap

assumptions
U>cC,0"e, ¢,= |n|m} U2(z)/4 >0, (3.3.7)
zl<
max(Eg, Eo, Fg, F1) < 1, det(Q) > 0. (3.3.8)

Below, we will first establish some functional inequalities in Section 3.3.1. We will
start with the L2 analysis of perturbations W and V® in Sections 3.3.2, 3.3.3, and
then build higher-order estimates in Section 3.3.4. We obtain a lower bound of the
amplitude U via the maximal principle in Section 3.3.5, inspired by [75]. Then we
close the nonlinear estimates and prove Theorem 3.3.1 via a bootstrap argument in
Section 3.3.6.

3.3.1 Functional inequalities
In this section, we establish a few functional inequalities, which will be used to
estimate the decay of the solution and close the nonlinear estimates. We introduce

the following norms

1/2 Do—e—
1Al = V5 Fo Pl Al = 11 F g + 1 llggor ga = (2) 7277742,

(3.3.9)
By definition of pj (3.1.28) and (3.3.4) for Ej, we have
gk S P Nfllge S Exs N fllpx S Eo + Ek. (3.3.10)
We define the low-order terms &1, &, that we later show to be small:
E:=1QI+H™ + Y Ei+ ) Fj+(Fx+F +Ex+E),
i<K-1 1<j<K-1 (3.3.11)

& =|Q| +HPL

We treat &1 as a lower order term since it either contains nonlinear terms or energy
with order lower than Eg, Fx. Note that &; is the low-order term of order P in
Lemma 3.2.1 by asuming (3.3.8), which implies I" < 1. See (3.3.15).

Following Lemma C.4 in [78], we have the following weighted interpolation and

embedding inequalities.

Proposition 3.3.3 (Interpolation). Let o = —p%l and € be the constants defined
in (3.2.10), (3.1.30). For any u > 0, there exists a constant C(u), such that the
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following interpolation inequalities hold:

Ex < uE;+C(WEy, VO<k<I<K, (3.3.12a)
Fi <uF+C(uF;, Vi<k<I<K, (3.3.12b)
11l < 1l fllg + CONlfllgo, YO <k <1< K. (3.3.12¢)

Moreover, we have the following embedding

IVIW| < ()2 min(Epyq, ||W]|gea), VO< I < K —d , (3.3.13a)
IVi®| < (2) #?FL,,, V1<I<K-d-1. (3.3.13b)

As a result, for k < [, we have the following product rule for i < n,j < m with
i+d<norj+d<m,

IVEV/Gg! |12 < 11Fll#n]|Gllgem. (3.3.14)

i+j

Finally, assuming (3.3.8), for 0 <i < K,1 < j < K and T defined in (3.2.13), we
have
E;<sl, Fi<sl, I'sl (3.3.15)

Since K (3.1.29) is absolute, [,k < K, and the parameters cg, c; in the weights
(3.1.28) and norms depend on absolute constants K, € (3.1.30), we only need to

track the constants related to u.

Proof. (a) Interpolation inequalities. To prove (3.3.12), we use integration by
parts. For (3.3.12a), we compute for K > k > 0O that

Ef =- Z/(a,?vk—lw VW + 0V W VW)

Notice that the weights (3.1.28) satisfy
2 2
Pi S Pr+1Pk-1>  (0ipr)” S PrpPr-1 -
Combined with a Cauchy-Schwarz inequality, we obtain
E? < Ex-1(Ex +Egy1) -

Since € only depends on K (3.1.30), by a weighted AM-GM inequality (ab <
va® + 1/(4v)b?), for any u > 0, we have

E; < C(WEF | +uET,, .
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From here, to conclude the first inequality, since u > 0 is arbitrary, we only need
to that show it holds for k = [ — 1, which we can combine the above estimates for
k=1,2,..,1—1 to establish.

The proof of (3.3.12¢) follows from the same argument.

For the second inequality (3.3.12b), we can repeat the same procedure to conclude,

provided that the weights py satisfy the same inequalities for K > k > 1 (3.1.28):
B7 S Prribr-ts  (ifr)* S Prfr-1 -
When k + 1 < K, this is obvious. For k = K — 1, we only need to show

<Z>2K—l—d < ,5[( ~ U2<Z>—20'+2K—6—d

b

which is true, since by the choice of €, e; (3.1.30) and the bootstrap Assumption
3.3.2 we have
U>CU™e ~ ()72, 2e < 1.

(b) Embedding (3.3.13). To prove the L™ estimates (3.3.13), one can proceed
as in [218] and invoke the weighted Morrey-type inequality. Below, we present
a simpler proof. By a density argument, we can assume that W € C°. Without
loss of generality, we fix z € RY with z; > 0 and estimate V/W(z). Consider the
region Q(z) = {y € R% y; > z;}. We have |y| > |z| for any y € Q(z). Denote
0=-20—€—-d>—-d(3.1.30). We have

1/2
|VlW(Z)|5,/ <y>—2l—2d—6dy) .

[ 10000 WOy 5 1RV w [
Z

[y|zlz]
For0 <[ < K—d-1,using pg 2 (y)2U+d+9(3.1.28), -2l —d -6 -1 < -1, and
the first inequality (3.3.12a) with k = [ +d < K, for any u > 0, we further obtain
|VIW(y)| <k El+d( <R>—21—2d—6Rd—ldR)l/2 <k El+d<y>_l_(d+6)/2-
R>|y|

Rearranging the power on both sides, we prove (3.3.13a).

The proof of (3.3.13b) with 1 < I < K —d — 1 is similar by replacing W by V&
in the above argument and using Sy.q = (y)2D+%2 for § = —d — 1 (3.1.28) and
2l-d-6,—-1==-2l<—-1forl > 1.

(c) Other inequalities. For (3.3.14), without loss of generality, we assume that

i+d <n. Using g.? < (2)'g;/%, o+ 5 < 0(33.12¢), we prove

j ] 1/2 i 1/2
IVEVIGg, 2112 5 11Fllggual VG2 | 12 < |IF |4 ]Gl om.

i+j
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The inequalities (3.3.15) follow from (3.3.12a), (3.3.12b) and the assumption (3.3.8).
O

Combining Assumption 3.3.2 and the decay estimates (3.3.13a), (3.3.13b), we have
the following estimates.

Corollary 3.3.4. Denote W = U—-U. Under the Assumption 3.3.2, forany a € [0, 1]
and any q € R we have
<Z>0'—e/2 <U< <Z>U+E/2,
(U +aW)(2)I7 s C(lg) ()<, (3.3.16)
U + aW ||y, |IU]lx < 1,

where o, € are defined in (3.2.10). As a result, fori + j < K, we have the following

estimates for the weights

Bi < pil)Tr T2 i< K -1, px s prl),

. . . . (3.3.17)
pi+j S P, Pirj S Pi)7.

Proof. (a) Estimate of U. By definition of e (3.1.30), we get —p%l(l +6e) =

2

51~ 5. Thus, under Assumption 3.3.2, we yield

2__
-1

|

U > Ul+€2 > <Z>_I’

Since U+ aW = U + a(U - U) = aU + (1 — @)U, which is between U, U, and
U,U >0, using (3.3.13a), K > d (3.1.29) and the above estimate, we prove

(U+aW)| < U+U < (1+Eg+E){)7*%,  |(U+aW)|™' < min(U,U)"" < (z)77*/2.

The first estimate with @ = 1 implies the upper bound for U in (3.3.16). Raising the

above estimates to |g|-th power proves the second estimate in (3.3.16).

For the last estimate in (3.3.16), using triangle inequality, |VU| < (z)°~, and
(3.3.10), we prove

U +aW||gyx + U+ W||lgx < JU|lgx +[|W]lgx S 1+Eg+Eg < 1.

(b) Estimate of weights. We consider (3.3.17). Using U < {(z)7*¢/2, clearly, we
have
2l < 1: i < pi s pile)* 7,

|Z| >1: ﬁi < |Z|2k—l—d < pi<Z>20'+e—l,i <K-1, /31( < Usz < pK<Z>2€+E-
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For (f,7) = (p,—20—¢€) or (6,—1) and i+ j < K, from the definition of f; (3.1.28),

we have
firi S [ S DY, 2l S 1, g 2P 2P Y < i) el 2 L

For i + j = K, the above estimate still holds for f = p. For p; and gk, using
U < (z)7*¢/2, we obtain

P < (2> px < (P = (7Y < gl
We complete the proof of (3.3.17). m|

Proposition 3.3.5. Suppose that (3.3.8) holds true. For0 < k < K, j1 + j» < k and
any a € [0, 1], denote

V=U+aW, I =V"W V2W,Viiimnyr2,
We have the following product estimates
1 lge S HWillggmax k-0 [|Wa | ggmaxtiy k-1 5 (3.3.18)
and

Wi W2VP 2 lgk < (Wi lggx-t [[Wallggx + Wil lgge | [Wallg-1),  (3.3.19a)
[IWiWaVP 72| < 1IWallpo | IWi | lgga- (3.3.19b)

Moreover, we have

<)V UV (U, < NUllpmastisnir, T+m=k <K, (3.3.20)
VAU - v U™ < )7, ILbm<K-1-d, (3.3.21)

Proof. A direct computation yields

q
Lipn< D0 > Ly L, = VI IV WIVEW [ ] 197,
2<q<k+2, Z;le Ji=k,j1=0 =3
(3.3.22)

Here fstands for the tuple (i, j2, -+, ji). For afixed (j, ¢q), we denote

J1=W, JSHh=W,, J=V, [>3 i:argl}lale.
<q

If there are more than one index a with j, = arg max;<, j;, we just pick one of them.
Clearly, we have j; < k/2,1 # i (3.1.29). By Proposition 3.3.3 (3.3.13a), we have

IV () T g
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Applying the above L™ estimates to J;, [ # i, and Corollary 3.3.4 for V = U + aW,

we obtain

I , < IVETL | G 2y () P70 P2, (33.23)

I#i
Combining the exponents of the (z) terms, and using the definitions of o = —p%q
(3.2.10) and € (3.1.30), we yield
£= > (-ji+o+€/2)+(p—q)o+Ip—qle/2
1<l#i<q
=—(k=j)+(p-gq+q-Do+(p+q+q-1e/2=—(k—ji) -2+ (p+K)e <—(k—ji).
(3.3.24)

Since p}(/z(z>‘(k‘jf) < pr—j; (3.1.28), applying weighted L? bound to V/iJ;, we
further obtain

17,0 5 Willr | ] IVillggiea.
I#i

Since ji+d < k/2+d < K-1forl #i,k <K, j; < k,and ||V||yx < 1+ Eo+ Ek,
we obtain j; + d < max(j;, K — 1) and thus

If,q S ||W1 | |.7,{max(j1,K—l) | |W2| |7_{max(j2,K—l) .

Using max(p —¢q,0)+¢g < p+K+q and summing the estimates of If g e conclude
the proof of (3.3.18).

The estimate (3.3.19a) follows from summing the estimates of /;, ;,) (3.3.18) over
(j1, j2) with j; + jo» < K, and using the fact that we have j; < K —1lor j, < K —1.
The estimate (3.3.19b) follows from applying L?(pg) estimate to W, and L™ estimate
to W1, V similar to the above.

For the last estimate (3.3.20), we note that U = U + W. Applying the Leibniz rule,

we obtain

5q’

q
IVHUvm (U < Z Z T:,. T:,=IU""" ]_[ Vi)
1§q5k+1,2;’=1 Ji=k+1,j1>1,j;>0 =1

Denote i = arg max; j;. Applying the above estimates of If q with (J1,..,J1),V,p—¢q
replaced by (U, U,..,U),U, —q (3.3.22)-(3.3.24), and using max(—¢,0) = 0,g <
K + 1, we obtain

2 i
(@TPT | < (VU1 [ ] 10l
1#i
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where

€ . € €
E=o+s+ ) (mito )+ (=)o +]-ql5
1<l#i<q

=—(k+1-j)+(=q+q)o+(g+q)e/2=—(k—ji) -1+ (1 +K)e < (k- ji).
Using ji+d < K/2+d < K. ||Ullggia < Ullyex forl # i, p,* < o}/ q. ji <
k + 1, and applying weighted L? estimate to V/i J;, we establish

17T lge < N0l (14 1Ulg) 7™ < U lpga
Combining the estimates for T:, with different f,q, we conclude the proof of
(3.3.20).
For (3.3.21), denote k = [ +m. Applying L™ estimate to each term V//U in qu and
noting that j; < max(/ + 1,m) < K — d, we prove
. ¢ —k-1/2
T;, 542 s (2 ,

where we have used

. € €
¢ = Z (—i+oc+=2)+(—q)oc+|—ql==—(k+1)+qge < —k —1/2.
1<i<q 2 2

We complete the proof. O

3.3.2 L7 stability analysis of the amplitude
In this section, we estimate the weighted L? energy Eg = (W,Wpp) (3.3.4). In the
following energy estimates, without specification, we will assume that the bootstrap

Assumption 3.3.2 holds true, Namely
U> 0%, ¢, = ll’ZI|liSI} U2(z)/4 >0,
max(Exk, Eo, Fx, Fy) < 1, det(Q) > 0.
We will show that the following lemma holds.

Lemma 3.3.6 (Weighted L? estimate). Under the bootstrap assumption 3.3.2, it

holds

1d €
EEE(% < (‘g +CE&)E] + CEE . (3.3.25)

or some absolute constant C > Q.
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Proof. Notice that W vanishes at the origin to the third order so this choice of

singular weight induces a well-defined energy. We have by (3.3.1) that

1d

EEES = (LW, Wpo) + (Ny, Wpo) + (Fu + Dy, Wpo) -

For the leading order linear term, we have via integration by parts that
(ZgW,Wpo) = (doW,Wpo) ,
where we calculate the damping

- 1
+pUP™' + —V - (zp0)

1 -
d() =cy+ —V- (dUZp()) +pUp_1 = -
2po

p-1 4po
_ ~6re 4 (4 _ e
1 (=6 +€)|z[ " + (557 — €)colz|” €
_— + r . e <.
p—-1 p-1l+4cylz 4(|z]76%€ + colz|7T79) 8

The last inequality amounts to

_ 4 4 3e.. _ € 4
4p (12| + colz| 7T + (=6 - +7)|Z| O — —colz| 7T ) (p — 1+ ¢plzl?)

-1 2

_ € 4 __ 4 __
< =(p = DI = Seoep e 7T +dpeolz| 7T < 0.

The last inequality is implied by a weighted AM-GM inequality provided that

( €CoCp )6+pi_1—26 p— 1)2 S ( 4pcy )8+%—26
2(6+%—26) 2 7 T \g4d

+pT1—2€

(3.3.26)

Notice that € < 1/2 is fixed to be small. We can choose a sufficiently small constant

co > 0 such that we can conclude the linear estimate

€
(LW, Wpp) < —gEg. (3.3.27)

The nonlinear estimate is more subtle due to the general nonlinearity p. We use

Taylor’s expansion or Newton-Leibniz’s formula twice to derive
1 —
Ny =Wp(p-1) / (1 -a)(U+aW)2da. (3.3.28)
0

Using Proposition 3.3.5 (3.3.19b) with (W, W,) = (W,W) and &; defined in
(3.3.11), we obtain

IW2(T +aW)?72|| 0y < [IWllgal[Wllpy S (Eo + Eq)Eo < E1Eo,
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which implies

|(Nes Wpo)| < 140l ppEo < EillW]lp0Eo < E1EG - (3.3.29)

Finally, we estimate the viscous and residue terms together. We group the terms
to make them integrable. Consider a fixed 1D smooth cutoff function y such that
it equals 1 in [—1, 1] and O outside of [-2,2]. We use the notation fto denote
functions only differing from f near the origin, where they equal the residue of
f when expanded until its second-order Taylor’s expansion at the origin, via the
cutoff function y. For illustrative purposes, we will explicitly write down fby the

expansions X
=) +"Vf(0) + 52"V (O)2)x (D) +

where fvanishes to the third order at the origin. By the choice of the modulation

parameters in (3.2.11), it’s easy to see that®
Fu+Dy=cwl—-Pz-VU—-v-VU-H"""WU+Dy =Fy+Dy. (3.3.30)

Each of the terms in %y vanishes to the third order at the origin. Notice that
pr = polz|?, for k = 1,2,3. Recall the definition of &1, &, from (3.3.11). By
Lemma 3.2.1, we have that

1 Fullp s E2(1+ Eg+ Ey + [[VW/l,,) -

We can decompose the integral region into the near field 7 = [0, 1]¢ and the rest of

the outer region /¢ to estimate

IVWllp, (/ 1212 sup YW/ |21 + VW zlllpo < T+ E; .
zel

z€l

Here we recall the definition of I', E; in (3.2.13) and (3.3.4). Combined with

Proposition 3.3.3, we have the residue estimate

|(Fu, Wpo)| < EEy . (3.3.31)

For the viscous term, we notice as in (3.2.16), we can write

Dy =tr(QS)), S1=S11+S+S13+S14.

Note that U does not denote the perturbation.
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We estimate the four terms respectively. We compute
IS11llpe = IV2Ullpy < 1+ IV2W||py S 1+ T+ Ey,

where in the last inequality we use again the decomposition of the integral into the
near and far fields. For the remaining three viscous terms, we estimate similarly as

follows:

1S12llps = 21BIIIVUVOT ||, < 2|BIIVWVDT ||, + (1+1)? < T+ Ep) + (1+1)?,

1S131lp, = IUVOVET |5, < [WYDVDT ||, + (1 +T)> < TXHI + Eg) + (1+1)3,

IS14llpy = 1UV28l, < [WV20|, + (1 +T)* < T( + Eo) + (1+T)%
We can collect the viscous estimate by Proposition 3.3.3 and Assumption 3.3.2:
|(%, Wp())l < 82(1+E0+E1+E2+F)3E0 < 82(1+E0+EK)3E0 s &Ey. (3.3.32)

We thereby conclude the proof of Lemma 3.3.6 using (3.3.27), (3.3.29), (3.3.31),
and (3.3.32). O

One sees that we already have leading order damping in the L? estimates. However,
to close the nonlinear estimates, we will need higher order estimates to control the

L norms.

3.3.3 H! stability analysis of the phase
We consider the weighted H' norm of the phase F12 = (VO,Vd5) (3.3.4). We
choose this norm since ® does not decay at the origin. We will show that the

following lemma holds.

Lemma 3.3.7 (Weighted H! estimate). Under the bootstrap assumption 3.3.2, it
holds 4 .
—=—F} < ——F} + C(Ex-1 + Eg)* + C& Fy (3.3.33)
2dt 8

for some absolute constant C > 0.

Proof. We have by (3.3.2) that

1d 1
EEFIZ = (V(—EAd)) + Vo + Ve + Vg, VS .

For the leading order linear term, we have via integration by parts that

1 1
(31'(—51\@), 0;®p1) = —Z(('),-CD, oPp) .
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Therefore we have the linear estimate

1 1
(V(—EAQJ), VdS)) = —ZFf . (3.3.34)
For the nonlinear estimate, we again use Newton-Leibniz’s formula to get
1
No=6((U+W)P 1 —0r Y =6(p- I)W/ (U +aW)P2da.  (3.3.35)
0

It is not difficult to see that (z)‘”eT_l € H' for any i > 0 since e — 1 < 0. Note
that g (3.1.28) is locally integrable and g < (z)(”eT_l g1- Applying L™ estimate
for W, U + aW from Corollary 3.3.4, (3.3.13a) in Proposition 3.3.3, and Proposition
3.3.5(3.3.18) with W = (z)“+%,Wz =W,j1=0,j,=1,k =1, we obtain

IVAells S IVAellL=(z<1) + IWiVAslly S Eo+ Ex—1+ |[|[WiVAell,,

S Eg+ Ex_1 + ||W2||7_(K—1 S Eo+ Ex_q.

We can collect the nonlinear estimate, via an AM-GM inequality as follows:

. 1
|(VHo, VOB1)| < ClIVHoll3, F1 < C(Eo + Ex-1)* + gFf . (3.3.36)

For the residue estimate, we have

(V0. YOM)| < [VFollp Fi < E2(1+ Fi + V2@l F1 < E2F1. (3337)

For the viscous estimate, we have

ViU ViU VU VU
Ve lls < Sz(IITIIm + ||T||,51||7”oo + IIFIIOOIIVZG)II;)1
VU U (3.3.38)
+ (Il7llm + ||7lli)|lV®||ﬁ1 +1+F + ||V3<I>II,31) :

To estimate the integral L?(81), we apply L™ estimate in the region |z| < 1 and
(3.3.20) and §;1 < (2)7+/%g; < (2)7*/%g, to the region |z| > 1:

IV'U/UIIs, < IV'U Uty + 1) TPV U, s 1+ Eg+ Eg < 1, 1=2,3.
Applying (3.3.21) with (I,m) = (1,0), (0,0), we get

Vitluu| < 1. (3.3.39)
As a consequence, we can simplify the viscous estimate as follows:

VDol < Ea(1+ Fy + ||V2®|5, + ||V ®]|5,) . (3.3.40)
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Finally, since g is L' integrable and p; < (z)*720; (3.3.17), we can decompose
the integral region into 7 = [0, 1]¢ and the rest of the outer region I as in the L?

estimate of the amplitude to compute
V@5, < suII)|Vld)| +IV'®@z|# 2|5, s T+F, [[VOlls, s 1, 1=2,3.
z€
We use Proposition 3.3.3 and the bootstrap assumption (3.3.8) to further obtain
IV'®|l5, +[IVOlp, < 1+ Fi+Fg < 1.

Here we recall the definition of I', Fj in (3.2.13) and (3.3.4). Plugging in the estimate
in (3.3.40) and combined with (3.3.34), (3.3.36), and (3.3.37), we establish Lemma
3.3.7. O

3.3.4 HX stability analysis

For the estimate at the highest order, we consider the weighted HX energies (3.3.4)
Ef = (V"W px),  Ff = (IV¥0]%, Upx).
In this section, we will establish the following lemma.

Lemma 3.3.8 (Weighted HX estimate). Under the bootstrap assumption 3.3.2, we
have 4
€
572 (Ex + Fg) < —o (E + Fg) + o1 (Ex + F) (3.341)

for some absolute constant gy > 0.

3.3.4.1 Estimates of the amplitude

Recall the definitions of &y, A/, Fy from (3.3.3). We have

1d
Ed—E,Z( = (VE(ZgW) + VENy + VEFy + VE Dy, VEW k) .
T
For the leading order linear term, we can calculate the damping similarly as in
the L? estimates. A direct computation yields UP~! € H' (3.1.27) for any
i > 0. Using the Leibniz rule, the product rule (3.3.14) in Proposition 3.3.3 with
i+j=K,j<K-1,m=K-1,n=i+d,and gg = pg (3.1.28), (3.3.9), we yield
1K@ W)=0P ' Wl < D VEINOP  lgualWllgs s Y. Ej < &1
j<K-1 j<K-1

Therefore, we can compute

1 K _
VE(LW) = cL-,VKW—E Zz,-VKaiW—EVKWﬂ?U”_IVKW+O(R3J<), 1R klpx < E1.
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We can calculate the damping similar to the L? case as follows:

1 K - 1
dy =—— - —+pUP '+ —V.
e T I ok (zpk)
P I SR = At L
= — - — 4 < ——,
p—1+Cp|Z|2 p_l 2 4(1+c1|z|%_e_d+2K) 8

where the last inequality holds for a sufficiently small ¢, which we defer till (3.3.47)
where we combine this damping with the estimates of the nonlinear term in the phase

equation.

For the nonlinear term, we use Netwon-Leibniz’s formula twice as in the L? estimate
(3.3.28), to derive

|(VENy, VEWpi)| < sup ](1 — ) |[VE(W(T + aW)P2)|| o Ex -
a€[0,1

Since || fllpx < IIfllgx (3.1.28), (3.3.9), using the product estimate (3.3.19a) with
(W1, Wr) = (W, W) and || f||x < Eo+ Ex (3.3.10), we obtain

|(VENy, VEW )| S Ex|IW]lgix|IWllgyx-1 S Ex(Ex + Eo)(Eo + Ex_1) S Ex&1.
(3.3.42)

Recall &; from (3.3.11). For the residue term, we have via integration by parts that
(VEFU, VEWpr) IS E2(Ex + Ex + (IVKWI, |2 Vx| + [Vokl)) -
Since we have |Vpg|(z) < pk, we can conclude the residue estimate

|(VEFy, VEWpk)| < E2(Ek + ER)< E1Ek . (3.3.43)

3.3.4.2 Estimates of the phase

‘We have
1 d 2 K 1 K K K K 2
= FK:(V (=5 A®) + VE Mo + VX Fo + Vi Do, VAU pK)
-
+ (stW + Ny + Fy + Dy, U|VK<I)|2pK) .

Notice that the weight is time-dependent. We remark that it is essential to pair
the two linear terms and the two residue terms together to cancel out the leading
order term via integration by parts. For the leading order linear term, we have via

integration by parts that

1 o
(VK(—EACD), VE®OU?pg) + (LW + My, UIVE®D|pk) = (dk, |VE®|PU?p)
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where we can calculate the damping

o -K 1 1 Up _
dg = —+ —V_. - +— <dg+UP - pgrt,
K= Y oo (zpk) PETRT K

Notice that by (3.3.28), (3.3.13a) in Proposition 3.3.3 with / = 0, and Corollary

3.3.4, we can further estimate

UP~' - 077" < sup |W(U +aW)P?| < (Eo+ Ex-1)(1 + Ex + Eg)"*?) < &.
0<a<l
(3.3.44)

For the residue term, similarly via integration by parts, we have

V- ((Pz+V)pk)
2pk

< E(Fx +F2) < & Fk,

|(VEFo, VEOU? pk)| + |(Fu, UIVED)Ppk) < Ea(Fk + Fi + ( ,IVE®?U?pk))

(3.3.45)
where the inequality is again by the fact that |Vpg|(z) < pk-

For the nonlinear term, using Newton-Leibniz’s formula (3.3.35), we obtain

VESol < lox+C ) Iojr diyj=06(p—1)-VIW-VEI (U +aW).
j<K-1
Applying (3.3.18) in Proposition 3.3.5 with (W, Wa, j1, j2, k) = (U, W,0, j,K — j)
and U € H' (3.3.16), we obtain

WUIojllpx < Ullgex[IWllgx-1 S Eo + Ex-1 < &1
Recall gx = U?pxk (3.1.28). For j < K — 1, the above estimate implies
Hojllsx = 1UTojllpx < E1. o, VED®BK)| S ojll 55 Fx < E1Fk. (3.3.46)

The term Iy k is trickier and we need to estimate by an AM-GM inequality:

p=2 2

_ 1 _ - 1 _
(T +aW)P2vEW, VEoU2pg) < 5||(U%(U + aW)”Tsz@ngK + E||U% (T +aW) T VEW|2,_,

where we pair one of U in U? with p}(/ %o get ﬁ}(/ 2

. ApplyingU = (1-a)W+U+aW,
Newton-Leibniz’s rule for (U + aW)?~! — UP~!, Proposition 3.3.3 for W, and
Corollary 3.3.4 for U + sW,s € [0, 1], which are similar to the estimate of /g
(3.3.35), we obtain

UU+aW)P2 < (U+aW)P '+ CIW(U +aW)P2| < UOP~' +C sup [W(U +sW)P~2
s€[0,1]

< UP™' 4+ C(Eg-1 + Eo) < (min{p — 1,¢,}) " (2) 2 + C&y,



75

where we extract a decay at the far field for the leading order term. We can calculate

the damping

6(p— D(min{p - 1,c,}) " 2) > + dk

s(p-D(p+) 1 _5+d+(2K+ﬁ—e)C1lzl
T min{p-1,c,}(1+1z2) p-1 2 A(1 + o]z FTE )

i —e—d+2K

Recall the definition of K in (3.1.29) and similar to the L?> damping, we can use
a weighted AM-GM inequality to conclude for a sufficiently small positive ¢, we
have

(p - Dé(min{p — 1,c,}) ™22 + dy < —g : (3.3.47)

As a consequence, we collect the linear and nonlinear estimates of the phase, and

the linear estimate of the amplitude together as follows:

,fZUW + ./VU

(VK(EZUW), VKWpK) + (VK(—%ACD + M) + , qu>U2p,<)

< —%(E,% + F2) + C& (Ex + Fx) .
(3.3.48)
3.3.4.3 Estimates of the viscous terms

Finally, we estimate the viscous terms. The simpler term can be estimated as follows:
K2 Du,
(Du, UIV @[ pk) < ||7||00FK < E1Fk. (3.3.49)

The last inequality is derived similarly to the H' viscous estimates in (3.3.38),
(3.3.39).

We group leading order viscous terms as follows and estimate them together:
(VEDy, VEWpi) + (V¥ Do, VEQU?pk) .

and we will use integration by parts to cancel out the leading order terms and extract
damping. Recall the definition of the viscous terms in (3.2.9). For any tensor f, we
define

1113 = Z(WQVﬁ,

where we sum over its scalar entry components f;.
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Notice that |Vpg| < px. We compute the damping of the amplitude using integration
by parts and the Cauchy-Schwarz inequality as

(VEAQU, VEWpk) < CE Ex = (IV¥W g, pi) + ClQI VAW 1 VAW lall ok
< CE&Ex ~ 5 (VWi pr).
Using (3.3.13a) from Proposition 3.3.3 and (3.3.16), we get
VUl s U, [V(Upk)| s [VUIUpk + U?|Vpx| 5 UPpk.
Similarly, we compute the damping of the phase as

1
(V¥Aq0, VXU pk) < C&1Fi = (17X @, Upx) -

For the four intermediate terms in the viscous terms

_(VU,V0)q

I, =(VU,VB)q, L =U(VO,V0)q, I T ,

L =(V0,V0)q,

we can simply control their weighted norms using the diffusion term.

We consider the most challenging term /3. Using the Leibniz rule, (3.3.20) in
Proposition 3.3.5, we obtain
VU .
1Blloe s ). IMaillpes  Tai = (VI——, VK@),
: U
0<i<K

For 1 <i < K -1, applying (3.3.21)to VU/U ifi < K/2+1 < K—-d -1 and
(3.3.12) to ® if i > K/2, which implies K —i+1 < K/2+1 < K —d — 1, we obtain

134 < 1QI()TIVET 0] + ()" KV (VU /D))
Sincei < K —-1,K —i+1 < K, using the estimate (3.3.17) for weights

o1/2 i—1 o1/2 —(K—=i) 21/2 o1/2 1/2
pK/ < <Z>l IpK/—i+1’ <Z> (K z)pK/ < pi/ < <Z>O'+6/2p./ ,

and (3.3.20), we obtain
134155 < 1QIUIVET1O] |5, + [1(2)THPV(VU/U)I,,) < 1Q] < &1

For 15, I3 x, we use the Cauchy-Schwarz inequality to compute that its pg norm
is bounded by

VU
E1+1QI"(IVOll IIV* Wil + ”7”00”U|VK¢|Q”pK)-
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Similarly, we have the estimates for the other three viscous terms /1, 1>, I;. Combined

with (3.3.39), we can use the Cauchy-Schwarz inequality to derive that

(VU,V0)q

( _28VK(VU, V) — VX (U(VO, VO)g), VK WpK) + (2v’< -

— BVE(VO, VO)q. chbUsz)

1
< CE(Eg + Fk) + g((WKW%,PK) +(|IVR®[%, Upk)) -

Finally, for the last two viscous terms, we use integration by parts to cancel out the
leading order terms. Applying estimates similar to the those for /3 in the above, we

can extract the leading order terms, which involve VX*2U or VK*+2@,

1
—B(V¥ (UAGO), V¥Wpi) = ~B(UAQVX®, VEWpr) + O(&1Ex) + eV @Iy, U%px),

AQU

B(5° 20 ko) < {227

1
, VK(DUZ,OK) +0(&E 1 Fk) + E(WKU%, PK)-

Now, we use U = U + W, = @ + ® and integration by parts to cancel out the

leading order terms.
— (VEAQO, VEWU pk) + (VEAQU, VEDU pi)
=— (VEAQ®, VEWUpk) + (VEAQW, VEDUpk) + O(E1(Ex + Fk))
=> (a,-j(—ai(aijcp VEW) +8,(9:VEW - vE®)), UpK)
i,j

1
<CE(Ex + i) + 15 (VWG pi) + (9500, Up)

We notice that the remaining terms from integration by parts are controlled since
IV(Upk)| < Upk.

Combining the viscous estimates with the estimates (3.3.42), (3.3.43), (3.3.45), and
(3.3.48), we conclude the proof of Lemma 3.3.8.
3.3.4.4 Summary of the HX estimates

Using (3.3.12a), (3.3.12b) in Proposition 3.3.3, for any u > 0, we obtain
Ei1 < QI+ HP™' + C(W)(Eo + F1) + u(Exg + Fx) + (Eo + Fi + Ex + Fx)>.

By Lemma 3.3.8, choosing u < TZO and then collecting (3.3.41), (3.3.33), and
(3.3.25), we obtain that there exists a sufficiently small constant 1 > v; > v, > 0,

v, determined after vy, such that for the energy

E*=Ex +Fg+1/viFi +1/nE], (3.3.50)
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the following estimate holds

1d d
B < _E R C(|QI+HP ) ECE?, = L E < - S Evu(|Q+HP )41, E2,
2dt 16 dr 16

(3.3.51)
for some absolute constant ¢; > 0. Here, the constant C would depend on vy, v5.
Once we fix v1, v2, then C becomes a fixed constant p;. The estimate holds provided

that Assumption 3.3.2 is valid.

3.3.5 Lower bound of the amplitude
We now prove the bootstrap Assumption 3.3.2 by estimating the lower bound of U p,
for the weight p = U~1=©. We will proceed with a maximal principle argument and

a barrier argument. Notice that

VU

_VWp)-UVp o, _ V2(Up) —UV?p V(Up)Vp' +VpV(Up)" —2UVpVp!
P ’ p p? '
We compute by (3.2.7) that

0:(Up) = Py(Up), Puf =Aof +A1-Vf+u(QV>f). (3.3.52)

where the coeflicients Ag, A of the parabolic operator Py are:

1 \Y Agp —2B(Vp,VO Vp,V
Ag=cy—Hly + U7 4 G2+ P2+ V) - Vo _Bap=25{Vp.VO)q  ,{Vp 2p>Q —(VO, VO)q —
P P
1 Qv
Al=-(Gz+Pz+V +2 L +28Q),
Notice that U is the approximate steady state and |Vp|{z) < p. We can calculate
the damping using the nonlinear estimate (3.3.44) and Lemma 3.2.1 that:
VU 1

A=0(E) -~ z—. Ai=-(32+P)+0E). IPl5&r.
Next, we define a barrier function F = U~*€. Since |z-VF| < F,|VIF| < F,i=1,2,
we get

VU A, -VF
PYF = (0(&1) — & =+ S F +@VF)
z-VU 1z-VF z-VU z-VU
=(0(&)) - — — = F=(0(&)-(e-2 —)F=(0(& —)F.

((1)€2U s~ F=0E) - (e EZ)U) ((1)+€2U)

- For |z| > 1, we derive by the form of U in (3.1.27) the lower bound —Z'VUU > 1y

for some positive constant py; 5 . Recall the definition of &1 (3.3.11)and E < 1 from
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(3.3.50) and Assumption (3.3.8). Since |Q| < tr(Q), for some positive constant

Hu.1, we have

Ao > pyre—py 1 (tr(Q+HP'4E), PyF < (uy1(tr(Q)+H? '+E)—uy16)F.
(3.3.53)

- For |z| < 1, since p is bounded on the interval and we recall the definition of T’

(3.2.13), we can estimate
Up=U2+Wp > 4C, - CT > 4C, — uysE, (3.3.54)

for some positive constant py 3. Here we use the definition of Cj;, in Assumption
3.3.2.

Hence, by enforcing E, |Q| + HP~! sufficiently small, we will verify the following

bootstrap assumption.
Assumption 3.3.9.

Ap >0, PyF <0, |z|=1, Up>2Cp, |z] £ 1. (3.3.55)
Now, we consider Q. = Up + cF for ¢ > 0. From Corollary 3.3.4 and the choice of
€, we obtain

Up < <Z>0'+e/2<z>—0'+6/2 — <Z>€, F = 0—462 > <Z>862/(p—1) > <Z>2€.

Under the assumption (3.3.55) and 3.3.2, for any ¢ > 0, we have

Q.(z) >2Cp, |z| <1, lim Q. =oo.

|z| 00
Using the above estimates of Py, we get
0:Q; = 0:(Up) =Py(Up + cF) — cPyF = PyQ. — cPyF > PyQ..
By choosing initial data with Up > 2C}, and then applying the maximal principle to
the operator Py on |z| > 1, we obtain
Q. >2C,, Up+cF >2Cy, |z| > 1.
Since c is arbitrary, taking ¢ — 0, we prove Up > 2C}, for |z| > 1, which along

with (3.3.55) for Up concludes Up > 2C,,Vz € R? and strengthens (3.3.7) in
Assumption 3.3.2.

In Section 3.3.6, we prove Assumption 3.3.9.
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3.3.6 Bootstrap argument and blowup
In this section, we prove Theorem 3.3.1 by combining previous estimates and use a

bootstrap argument.

Recall the ODE of QO from Lemma 3.2.1 and &g, I from (3.2.13)

Q. = —(Q, + %Qd)Q —Q@+ %ad) +0(QIE). &= QT +T% + HM .
(3.3.56)

Since the parameters v; in the energy E (3.3.50) have been chosen as some absolute

constants, under the bootstrap assumption 3.3.2, we get

E<l, T<Ey+Ex<Es]l, & <|QTU+H"<|QIE+H". (3.3.57)

Taking trace on both side of (3.3.56) and then using Q = Q, + Q! + Qq,
1 1 1 1
tr((Qy + EQd)Q +Q(Q + EQd)T) =tr((Qy + Ead + Ead +QHQ) = r(@Q%),
1 1
Q> Q. w(@)=) 15,2~} 1) = Q)
where 1q; is the eigenvalue of Q, and the above estimates, we get for a constant z5:

d:tr(Q) < —tr(Q*)+u2 (Etr(Q)*+HP 'tr(Q)) < —Cll(trQ)2+,uz(E(trQ)2+Hp_1tr(Q)).
(3.3.58)

Recall cy from (3.2.4). To simplify the nonlinear estimates, in addition to bootstrap

assumption 3.3.2, we impose the following assumption

Assumption 3.3.10.
ewl < 2min((p— 17, 1), E() < min(s—, ——) (33.59)
—min((p — 1), 7) < min(———, —), 3.
wis3 P 4diy’ 324
where u is the constant in (3.3.50). We denote
e = wHP™, a(r) = exp(,uZ/ HP '(s)ds), A= % (3.3.60)
0

Consequence of bootstrap assumptions. We perform the energy estimates under
the assumptions (3.3.59) and 3.3.2 and show that these estimates can be strengthened.

Using (3.2.2), (3.2.4), we obtain (p — 1)cy(s) = =1+ (p — Dew(s) < _% and

H? (1) < HP1(0) exp(/T(p—l)cU(s)ds) < HP71(0) exp(—-1/2), —$+/.12E(T) < —i.
0

(3.3.61)
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We can solve the ODE of (tr(Q))~! using the above estimate and (3.3.58) to obtain

1
6TE5‘ > 33 /lep_lEél, Eq =tr(Q).

By choose H”~!(0) small enough such that exp(2¢;) < 2, forany 0 < s < 7, we get

. 1
a(t)a(s)™! < el eps/ds < 26 <o Gyl (s) > 5 al0)=1.

Solving the above ODE, we yield

EZN () > a(r)'EZ'(0) + %/0 a(r)'a(s)ds > %(Ec_ll(o) * %T)’ (3.3.62)

Eq(7) < min(2Eq(0), 4d/7).

Using (3.3.59), the above estimates, and —1% + 1 E < —35 = 4 (3.3.60), we obtain

d
——E <-AE+C(Eq+ HP~1(0)e™™/?).
=

Solving the ODE and using (3.3.62), we obtain
T 1
E(t) <eE0)+C / e~ %) (min(Eq(0), —) + HP~' (0)e™*/?)ds,
0 S

where C is some absolute constant and can depend on €,1. Since 4 < 1/2, by

decomposing the integral into s < 7/2 and s > 7/2, we obtain

7/2 T
E(7) < e_M(E(O)+CHp_1(O))+C(EQ(O) / e T gs + / e AT min(EQ(O),l/T)ds)
0 7/2

< e "2(E(0) + u3H"™'(0) + p3EQ(0)) + u3 min(Eq(0), 1/7)
(3.3.63)

for some absolute constant uz > 0.

Plugging the above estimates and (3.3.57) into Lemma 3.2.1, and using £ < 1
(3.3.59), we get for some g4 > 0:

lew(7)] < C(EQ(T)+EqQ(T)E(1)+H"™! (7)) < pa(min(Eq(0), 1/7)+H? " (0)e™™/?).
(3.3.64)

Continuation of the bootstrap assumptions. For initial data satisfying

E(0) < E,, Eq(0)<E,, HPY(0)<E,, (3.3.65)
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with E, sufficiently small, we obtain from (3.3.62), (3.3.63), (3.3.64) the following

estimates
E(t) < eV ?E,(1+2u3) + y3min(E,, 1/7) < E.(1+3u3), Eq(7) <2E., |cw| < psE.,
HP (1) < HP"Y(0) < E,, E(1)+t(Q)+HP™' < (4 +3u3)E,.

Therefore, there exists vz > 0 such that for E, < v3, the bootstrap assumption
(3.3.59) can be strengthened and continued. Plugging the above estimates into
(3.3.53), (3.3.54) we obtain

Ao 2 pype—pu3Bus+d)Es, PuF < (uup2(4+3u3)Ec—py2e)F, Up 2 4Cp—py3(1+3u3)E..

By further requiring E to be sufficiently small, the Assumption 3.3.9 can be strength-
ened and continued. The L estimate in Section 3.3.5 strengthens (3.3.7) in the
Assumption 3.3.2. Using the definition (3.3.50) and the above estimate for E, we
obtain

(Eo+Ex+ F1 + Fg)(t) < C(vi,n)E.,

which strengthens the first inequality in (3.3.8) in Assumption 3.3.2 by further

choosing E, to be small enough.

For the second inequality in (3.3.8), applying the Jacobi’s formula % det(Q(1)) =
det(Q(T))tr(Q'l[%Q) to (3.2.15) and using tr(AB) = tr(BA),Q = Q, + Q; + QT
we obtain

0rdet(Q) =det(Q) - tr(-Q + O(&Ep)).

From the above estimates, |Q| and &y remain uniformly bounded for all 7 > 0.
Since det(Q(0)) > 0, we prove det(Q) > det(Q(0))e~C", which strengthens the
second inequality in (3.3.8). This concludes the proof of Theorem 3.3.1.

3.4 Refined asymptotics

In this section, building on Theorem 3.3.1, we obtain sharp asymptotics stated
in Theorem 3.1.1. In Section 3.4.1, we estimate the sharp blowup rates for the
amplitude similarly as in [218]. In Section 3.4.2, we estimate the asymptotics
related to the phase and prove L™ convergence. In Section 3.4.3, we combine

Theorem 3.3.1, Propositions 3.4.1 and 3.4.2 to prove Theorem 3.1.1.

3.4.1 Asymptotics of the amplitude and blowup rate
We use O;, and C;, to track any constant depending on the norm of the initial data
tr(Q(0)), tr(Q~'(0)). We have the following results for the asymptotics.
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Proposition 3.4.1. Suppose that the initial data (U, ©, Q, H) satisfy the assumption

in Theorem 3.3.1. We have the following asymptotics for the modulation parameters

H(r)r"!
T—t(t)

1| < cpo)!, i T =1, i R) =
| Gt Jim [log(T = 1(7))] ST - DlogT 0]
(3.4.1)

We consider 7 > 2. Note that £, < 1. We focus on the asymptotics as 7 — oo and

the decay rate in 7.

Refined estimate of Q. By inserting (3.3.63) and (3.3.61) into (3.3.58), we get
1 1 _ _
d:Eq < —EEé +C((-+e TINED + Eqe™™?),
for some absolute constant C > 0. Since Egp > 0, we arrive at the ODE

1 1
0-EQ' > S -Clo+ e TI%) — CEgle™™ 2.

By introducing the integrating factor a(7) = exp(—CE. flT e~/2ds), and using the
fast convergence |a(7)/a(s) — 1| < E.e™*? a(t) > e “F+ for 1 < s < 7, we can
solve the above ODE and obtain

1
Eg' > =1+ 0(log7) + Eg' (2)e % > il Oin(logT).

S

Since tr(Q) = Y, 1q,;, we know that

logt

1 1
min(lg,) < —~Eq < — + Om(—25). (3.4.2)
’ d T 72

Next we estimate tr(Q~'). From (3.3.56), we have by (3.3.57) that
O:tr(QY) = d - 2tr(EQQ7") < d + ur(EEq + HP Hr(Q7Y).

By the above estimates of Eq, and the same estimates of E and H”~! in (3.3.63)
and (3.3.61), we have that for sufficiently large 7, there exists a u5 such that

C
o:tr(Q7") < d + Str(Q7H).
T
We conclude that

tr(Q") < dr+0(log7) +tr(Q1(2)) < d7 + 0;,(log7)
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Using tr(Q~!) = 3, /léll., we obtain

logT
max(Aq,;) > - (Q 1) Oin(—). (3.4.3)
Combining the above estimates, we obtain
1
r(Q )r(Q) < d2 + 04 OgT)

Using tr(Q®) = X 1 ;@ = 1, -1, we derive

A i AqQ.j
W@ (@) = Y das gl =+ 372300
i<j K ot

It follows

ey Ao 12 1 Aq.i 1
({525 = [52) = 0u(=25), i<, max(lan _ o, ((08T)12),
a; \ A T min(1q,) T

Combining the above estimate with (3.4.2) and (3.4.3), we have that each one of the

eigenvalue satisfies

1

1 _ 1 _
/IQ,Z' = ; + Oin(T 32 Vlog T) = ; + Oil’l(a‘f)’ ar =T 3/2+63’ €3 = E

Since Q is symmetric and Q(7) = R(7)AR(7)T for A = diag(1q.1,..,1g.q) and
some orthogonal matrix R, which satisfies |R(7)| < C for C independent in 7, the

above estimates further imply,
1
Q= R(T)( I+ O,n(af))R(T)T —la+ Oin(az). (3.4.4)

Estimate of R and blowup rate. Recall from (3.2.4), (3.2.5)
M=eTPR, Q= C” "MMT = C” ! PR (PR = MQMT, My = Cl(]p_l)/zR‘l.

Note that R, M, My are upper triangular matrices. Due to Mg ;(0) > 0 and the
non-degeneracy 0 < det(Q) = det(Mp)? = [] M3 ; for all 7 from (3.3.8), by
continuity, we have My ;;(7) > 0, which are the eigenvalues of M, Mg. For each

real eigenpair (4, v) of Mg with ||v||122 = 1, we obtain

= 2|l =vi MMy =v'Qv = 7Y%, + Oin(ar) = 77" + Ojn(ar).
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Since Mg ;; > 0 1is a eigenvalue of My, we obtain

Mpii =t 21 +10(a ) =712 1 0(x12a;) = 712 + 0((log ) '/? /7).

Next, we estimate the strictly upper part of Myp: M. Taking the trace, we get

D MR =t (MoMb)- )" MY =tr(Q)= > M} ;= d/t-d/t+0(ar) = O(ax)
i#] i i

which implies Mg, = O(ai/ 2). Comparing the strictly upper part @ = (Mg q +
M) (Mg, + ME)T, we get

M{Mo g = Q" — (MguM}, )" = O(ar), M =O0(ar)Mp!y = O(a.7'?).

Therefore, we conclude,

- 1 1
Cé}l’ 1)/2R—1 — MQ — _Id + Oin(TI/ZaT) = —Id + Oin(T_1+63). (345)
T VT

\/_

Using (3.2.2), we define the blowup time as T = t(o0). Using (3.2.2) for (1),
Lemma 3.2.1 and (3.3.59) for cyw, and (3.3.64), (3.3.6), (3.4.4) for tr(Q), &y, we
obtain
_ p—1 _ M5 1 _ . —3/2+e
tT_H 5 (p_l)CW__+0in(aT)a |(p_1)CW| < 55 ar =T )
T
(3.4.6)
Using (3.2.2), (3.2.4), for T > 2, s > 0, we obtain

HP (1 +5)

Hr (1) =e¢F(t,s), F(r,s):= e(p—l)fTT“ cw(2)dz

Since [(p — Dew(s)| < min(%,CT‘l), using |e* — 1] < |x|(e* + 1),0,F(7,s) =
(p—Dew(rt+s)F(t,s),F(r,0) =1, for 0 < z < 5, we obtain

|F(t,s) - 1| < s/t(F(7,5) + F(z,0)) < ¢/%s/7,

lew (T +2) — ps‘r_ll < |(T+Z)_1 - T_ll +a; < 772 +dq,

which implies

lew(t+2)F(7,2) = pst | S lew (T + ) (F(7,2) = ) + (cw(r +2) —pst )| S ar +e
—3/2+€3

|F(r,s)—1-— S/.15T_1| < somax lew(t+2)F(7,2) — ,us‘r_l| < 252172 457
<z<s

_2(1 - Bo)dce,

zr'z + 77

2

b
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-1

Therefore, integrating h;’;p_—ET(:)s) for s from 0 to co and using the above estimates, we
get

T-t(r) [© HP (1t +5)

= ) - = ” -1y ,- C(=3/2+
HP-1(7) - 0 Hr1(7) ds_/o e YF(T,s)ds—/O (1+ usst e ds + Oum(t 1y

=1+ ust '+ 04 (77329,
(3.4.7)

where we use /Ooo seds =1. Since (p —)cy = (p -1 (Cy+cw) =-1+0(t7h),
we further obtain

log(T—1(7)) = (1+0(7) ") log(H?™") = (1+0(1) ™) (0w (1)+ / “(p-1)ew) = 04 (log(1)).
° (3.4.8)
Combining (3.4.5), (3.4.7), (3.4.8), we prove (3.4.1) and Proposition 3.4.1.

3.4.2 Asymptotics of phase and L® convergence

In this section, our goal is to prove the following convergence.

Proposition 3.4.2. Suppose that the initial data (U, ®) satisfy the assumption in
Theorem 3.3.1. We have

|U(Z,T)€l(®_A(T)) _ Ul+t6| < min(<z>0'+e/2<7_>—e’ <T>max(—l,20')). (349)

where A(T) satisfies the following estimate for some constant C;, depending on the

initial data

A—Al < Co AT = —0 rrd(r.0), A(r) = 0108T ~1(D) dB(1+8%)log|log(T ~1(x))|

p—1 p—1 2b,
(3.4.10)

Proof. We will first estimate ®(0) and then prove convergence.

Estimate of ®(0). Firstly, we compute A, A;. Using (3.3.2), we perform similar

computations to the proof of Lemma 3.2.1 to compute that

®.(0) = —v - VB(0) + To(0) = O(Ep) + (B + 6)%«@ .

Applying (3.4.4) and the estimates (3.3.6), (3.3.57) for &y, we yield

5t dp(1 + 6°)t,

5§ d(B+9)
- p—1T—1t 2bJlog(T-0)(T-1)"

Oin —3/2+e s A‘r =
T1 " 2hr T 0T A

AT(T) =
p
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Using ¢, = HP™1 (3.4.6), (3.4.7), and (3.4.8), we yield

t HP!

T _ _ Iz
T—-t(t) T-t(t)

Hs —3/2+€ 1 -2
1-# 40, ), = —40p(1 .
7 PO T Teg =y~ 7 Omlog(MT)

Using the definition of us (3.4.6), ¢, (3.1.27), we conclude

o dB+6)  pss  dB(1+S*) 1 s
A-,- AT—( Zb* +p—1 + 2b* )T"'Om(T 2 )
6 2(1 = Bd)dc, d(1 - o) “34es
T (p—-1)2 - 2b, )+ Ou(T272).

The first term vanishes due to (3.1.27) for ¢,,. Since the error term is integrable in

7 > 2, we conclude the asymptotics of the phase (3.4.10).

L*™ convergence. Recall ® = © + ® (3.2.4). Integrating (3.3.13b) with [ = 1, we
obtain

1 1
|D(z) — @(0)] s/ |Vd>(tz)|dtsE/ 12y~ V2dr < E(2)'/2. (3.4.11)
0 0

Using U = U + W (3.2.4), we decompose

J = Ue'©0-20) _i7 = o (®=PO0) _f7 = ot (@-P0) 4 (o (®=PO) _1) = 1477,

Appyling (3.3.13a) to I, (3.4.11) and |e** — 1| < min(|x|,1) to I], and E < (7)~!
(3.3.6), we prove

17| < (2)7*?E + (2) min(E(z)"/%,1) < min({z)"*/*(E + E€),E + E>")

< min((2)7H )™, (),

Since ® — ® — ®(0) + dlogU = ® — A(7) (3.1.27) and (3.4.10), we get U°J =
Ue'®-A(M) _ g1+19  Since |U™| = 1, the above estimate conclude the proof of
(3.4.9). O

3.4.3 Proof of Theorem 3.1.1

In this section, we prove Theorem 3.1.1 with the open set O prescribed in Remark
3.1.2.

Verification of assumptions in Theorem 3.3.1. We first choose v < 1 in (3.1.15)
for Theorem 3.1.1. Following the proof of Corollary 3.3.4, we obtain Uy < (z)7+¢/%.
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Using the definitions (3.3.4) of Fx and (3.1.16) of the norm Xk, and (3.1.28), we
get
pr = pxU? < C(2)**pg > C(1+ 12", Fx < Clloll5, .

From (3.1.6), (3.3.50), we obtain E < CE;,. By choosing v = cE, in (3.1.15) with
¢ > 0 sufficiently small, the assumptions (3.1.15) implies the assumptions (3.3.5)
in Theorem 3.3.1 except for Eq < E.. Using the definitions of My, H(0) (3.1.13)
Ro, Q (3.2.5), and Cy (0) = H(0) (3.2.4), we obtain

tr(Q(0)) = H(0)P e (MMT) = H0)P" e (MT M) = Cuo (Vo) Ptr(V2uo (Vo))

for some absolute constant C. Therefore, by further choosing ¢ smallin u = cE.., we
obtain |Egq| < E, from the last assumption in (3.1.15). We verify the assumptions
in Theorem 3.3.1 and can use the results in Theorem 3.3.1, and Propositions 3.4.1
and 3.4.2.

For the time ¢ in Theorem 3.1.1, we use the change of variables t = 7(1) (3.2.2).

Then we only need to prove Theorem 3.1.1 in terms of the self-similar time 7.

Proof of estimates (3.1.9), (3.1.12). Using Theorem 3.3.1, we obtain the estimates
(3.3.6), which along with the relation between (U, ®), (u,0) and W = U - U, ® =
® — O prove (3.1.9) in Theorem 3.1.1.

To obtain (3.1.12) and (3.1.11), we choose u(t(1)) = A(1), i(t) = A(1) — A(7).
Using®-A =0 - A — i and the formula of A (3.4.10), we obtain

dp(1+62) + . i
J:=log(T =)' 2 (T = )Ty (R()z +V(1), )™ O = (T = ) 7T H U (2, 7)e! @040
=(T - t)ﬂ+1H_lU(z, 7)e!(®EN=AM),

We denote
Iy = U(z,T)e‘(G)(Z’T)'A(T)).

Using the limits H(7)/(T —t)"/?~D — 1 and 7/|log(T - t(1))] — 1 as 7 — oo
(3.4.1), and the estimate (3.4.9), we prove

|J - Ulﬂél < |(T_ l’)ﬁH_l — 1| . |Ul+l(5| + (T_ l‘)ﬁH_lle _ Ul+16|
S Cin(1+1)" < Cin(1 + | log(T —£(7)))",

where n = max(—1,20).
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Proof of rates (3.1.10), (3.1.11). Next, we show that V(7) converges as 7 — oo in
(3.1.10). From Lemma 3.2.1 for V, the decay estimates for Q, E in Theorem 3.3.1,
and R(7) — 0 as 7 — oo in Proposition 3.4.1, we obtain

ROV s (1+1)7%

Since the upper bound is integrable in 7, using |V;(7)| = |[R(7)V(7)] (3.2.5), we
prove that V(1) converges as 7 — oo. The asymptotics (3.1.11) follows from the
definition of u and (3.4.1).This ends the proof of Theorem 3.1.1.

3.4.4 Proof of Theorem 3.1.5
To prove Theorem 3.1.5, we only need to show that for €y = €y(ug), assumption

(3.1.17) implies that i is in the open set O in Theorem 3.1.1.

Estimates of V, Mo, Hy. Since V, is the unique maximizer and V2uo(Vy) > 0, for
01 sufficiently small, we obtain that 7y admits a global non-degenerate maximizer
Vo close to Vo 7/ with [Vy —Vo| — 0as ||iig—uo||~ — 0. Using embedding (3.3.13a)
in Proposition 3.3.3, we obtain
lluo = dollc2 < [luo — diollgex .
Denote
61 := |luo = dollyex, 62 := Vo = Vol.
Using continuity and the above embedding, we obtain
lim Vo—Vol = lim & =0, o (Vo)—uo(Vo)| S 61462, [V2iio(Vo)=V2uo(Vo)| < 61+62.
€— €)—
(3.4.12a)

Upon choosing €y > 0 small, we can define the initial modulation parameters
(3.1.13) Ho, Mo associated with iy and obtain

lim Mo — Mo| + |Ho — Hy| = 0. (3.4.12b)
€—

We denote by U, the rescaled variables for iiy:

U() = Hoﬂo(M6]Z + Vo) (3413)

7Since for any § > 0, there exists a 7 > 0, such that ug(Vy) > ug(Vo + z) + 6, |z| > r, we obtain
Vo — Vo| < r when 87 < 6/2.
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Verification of assumptions. We show that (iig, Up) satisfies assumptions (3.1.15).

The implicit constants can depend on u.

Firstly, assumptions (3.1.8), (3.1.15) for iy except for
o012 > 2¢,, (3.4.14)

follow from continuity and choosing ¢; small. Condition (3.4.14) follows from the

assumption (3.4.14) for Uy, (3.1.17), the triangle inequality, and choosing €y small.

Next, we verify (3.1.16) for Uy, i.e.
100 = Uolley < - (3.4.15)
Using the definition (3.4.13), we decompose Uy — U as follows

00—0 = I:Io(ﬁ()(/\;(alz+‘~/o)—uo(M61Z+‘~/o))+(H0M0(M61Z+‘70)—UQ) =J1+Js.
(3.4.16)

For J1, using a change of variable, (3.4.12a), the assumption (3.1.17) for ugy — i,
and the embedding (3.3.13a), we obtain

[|J1llgx < |luo —dol|lwx < €, lim max |[ViJ,| =0, fori=0,1,2,3. (3.4.17)

€—0 |z]<1

Denote H; = I:IOH(;I,Ml = MOMO_I,Vl = Mo(Vy = Vp). For Jy, using ug(z) =
Haon (Mo(z = Vo)) (3.1.13) and a change of variable, we obtain

Jo = I:IoHalU()(M()MalZ + MQ(VO -W)) — Uy = H\Uy(Miz+V)) - U

= Hl(U() - U)(M11+V1) + (HIU(M12+V1) - U) = J21 +J22.

From (3.4.12b), we obtain that M; — 1 = o(1),H; — 1 = 0(1), V] = o(1). Since
1Uo — Upl|g, < v, by choosing € small enough, we yield

1121 ]le, < V. (3.4.18)

Using the smoothness of U and the embedding (3.3.13a), we obtain

lim ||J2||gx + max |V'Ja| = 0. (3.4.19)
e9—0 |z|<£1,i<3

Next, we show that for f with V/ f(0) =0, j < 2 andi < K, we have

IV £l S 1 F (3.4.20)
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Using the definition of px (3.1.28), €k (3.1.6), gt HK (3.3.9), and embedding
(3.3.13a), for f with ij(O) =0, <2, we have

' 3 3-i ' ,
IV Ul s IVl Il P Ye<allor + 1V fllge s 1 f g, <3,

IV Fllps < IV Flle= il + 1V fllg S 1 f gk, i < (d+5)/2.
For # < i < K, p; and g; are equivalent and (3.4.20) follows from (3.3.12c). From
the definition of Uy and J;, for [ < 2,i = 1,2, we obtain V/J5;(0) = 0, VI(J; +
J22)(0) = 0. Applying (3.4.20), we obtain

(V1 + J22llee < 111+ Jo2llgx,

which goes to 0 as g — 0. Since the inequality (3.4.18) is strict, for €y small
enough, we prove (3.4.15). Condition (3.1.16) follows from a similar argument, we

conclude the proof of Theorem 3.1.5.
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Chapter 4

BLOWUPS VIA LOCAL MODULATIONS: KELLER-SEGEL

The Keller-Segel equation, a classical chemotaxis model, and many of its variants
have been extensively studied for decades. In this work, we focus on 3D Keller-
Segel equation with a quadratic logistic damping term —up? (modeling density-
dependent mortality rate) and show the existence of finite-time blowup solutions
with nonnegative density and finite mass for any u € [O, %) This range of u is
sharp; for u > % the logistic damping effect suppresses the blowup as shown in
[240,431]. Akey ingredientis to construct a self-similar blowup solution to a related
aggregation equation as an approximate solution, with subcritical scaling relative
to the original model. Based on this construction, we employ a robust weighted L?
method to prove the stability of this approximate solution, where modulation ODEs
are introduced to enforce local vanishing conditions for the perturbation lying in
a singular-weighted L? space. As a byproduct, we exhibit a new family of type I

blowup mechanisms for the classical 3D Keller-Segel equation.

4.1 Introduction
Chemotaxis is a widespread natural phenomenon, and it occurs when organisms,
such as body cells or bacteria, detect and move toward chemical signals in their
surroundings. A principal mathematical description of chemotaxis is provided by
the Keller-Segel system:
dp =A0p =V - (pVo), (KS)
Ac+p =0,
where p represents the density of the bacteria and ¢ denotes the concentration of
the self-emitted chemical substance. The model captures two key processes: the
diffusive effect of random bacterial motion and the directed movement of bacteria
toward the highest concentration of the chemical. For a broader introduction to

chemotaxis, see [62, , 1.

Biologically, beyond the competition between diffusion and bacterial aggregation,
the limitation of resources and overcrowding necessitate introducing the bacterial
mortality rate that further suppresses the aggregation process. In particular, we con-

sider the following 3D coupled parabolic-elliptic Keller-Segel system with logistic
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damping
dip=Ap =V - (pVe) - up?,
Ac+p =0,

(KS-D)

where —up? (u > 0) represents the logistic damping rate. For additional background
on (KS-D) and related models, we refer the interested readers to [155, , ,

, 431].

4.1.1 Background
4.1.1.1 Classical Keller-Segel equation: global existence v.s. finite-time

blowup

For the classical Keller-Segel equation (KS), the total mass M (f) = / p(t,x)dx is
conserved for all time. Additionally, the system (KS) admits a one-parameter family
of scaling invariance:

r x t x
ﬁ,/_l)’ C(t,X)_)c(ﬁ,/_l), YA>0. (411)
We remark that this scaling invariance also holds for (KS-D).

1
p(t,x) = ﬁp(

In two dimensions, the total mass M = 8x serves as a crucial quantity determining
the global existence and finite-time blowup of the system (KS). Specifically, it
has been shown that finite-time blowup occurs whenever M > 8z with initial data
po € LL((1 + |x|?), dx), while global-in-time existence with a uniform L* bound
holds when M < 8, see [34, ].

Nevertheless, the critical mass threshold does not exist for the three-dimensional
model (KS). In fact, even with a tiny total mass, there is a radial solution that
develops a finite-time singularity found by Nagai [337]. Beyond the radial case,
Corrias, Perthame, and Zaag [102] demonstrated that blowup occurs whenever the
second moment of the initial density is sufficiently small in comparison to the total
mass, while weak solutions exist globally if the initial density has a suitably small

3
L2 norm. Interested readers can refer to [31, 32, , ] for more results.

4.1.1.2 Classical Keller-Segel equation: singularity formation

Over the last several decades, the singularity formation for the classical Keller-Segel

equation (KS) has been well studied. For the 2D case, since the model is in the L'
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critical sense, Naito and Suzuki [338] verified that any finite-time blowup solution
to (KS) is of type II'. In particular, Raphaél and Schweyer [385] provided a precise
construction of a radially stable finite-time blowup solution of the form

1 x 8
p(t,X) ~ /12—([)U (m) s U(X) = m, (412)

where the blowup rate
[In(T=0)]
At) =NT —te Nz 00 4 T

Subsequently, this result has been extended to several refined scenarios, including
nonradial blowup, multi-bubble blowup without collision, and the simultaneous
collision of two collapsing bubbles. For further details, we refer the interested

reader to [52, 92, 96].

Unlike the 2D case, the 3D Keller-Segel system exhibits a large variety of blowup
mechanisms. Notably, there is a countable family of radial self-similar blowup

solutions of the form

1
ps(t,x) = T_th( Tx_t), : (4.13)

which have been identified in [42, , ]. In particular, there is an explicit

self-similar solution given by

X
VT —t
whose radial stability has been verified by Glogi¢ and Schorkhuber [173]. Recently,
Li and the third author [274, ] extended this stability theory to the nonradial

4(6 + |x?)

—(2 NG 4.1.4)

Psx(t,x) = (8 ( ) » with  Qg(x) =

1
T-1

setting. Beyond self-similar blowup solutions, other non-self-similar formations
have also been identified. For example, Collot, Ghoul, Masmoudi, and Nguyen
[95] discovered a collapsing-ring blowup solution, and Nguyen, Nouaili, and Zaag
[347] found a type I blowup solution with a log correction on the shrinking rate.
Additionally, Hou, Nguyen, and Song [2 1 7] recently found a type II blowup solution
under axisymmetry, whose local leading-order profile coincides with the rescaled

stationary solution of the two-dimensional Keller-Segel equation as given in (4.1.2).

IThe solution of (KS) exhibits type I blowup at ¢ = T if

limsup(T — 1) ||p(t) ||~ < oo.

t—T

Otherwise, the blowup is of type II.
21t exactly matches the scaling invariance (4.1.1) of the classical Keller-Segel system (KS).
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4.1.1.3 Blowup or no blowup with logistic damping

To detect the core mechanism behind the bacterial aggregation, we can rewrite the

aggregation term in (KS) or (KS-D) as
V- (pVA'p) =VA T p - Vp + p2.

In this expression, VAl p - Vp is the advection term, which, along with the effect
of the diffusion term, cannot lead to the finite-time blowup. Consequently, the main

factor causing the blowup is p?.

If the logistic damping term —up? in (KS-D) is replaced by a stronger term of the
form —up? with u > 0 and p > 2, then the aggregation effect is always suppressed.
Precisely, the smooth solution always exists globally in time, regardless of how

concentrated the initial density is, see [431].

In the scenario of quadratic damping —up? (corresponding to (KS-D)), Tello and
Winkler [431] proved that the global existence is guaranteed for any u > 0 in two
dimensions. For higher dimension d > 3, they further demonstrated that global
existence holds provided u > %. Subsequently, Kang and Stevens [240] verified

the global existence in the critical case u = <2 with d > 3. In the subcritical regime

d
with u € (0, %), Fuest [155] partially bridged the gap by proving that finite-

time blowup occurs in a bounded domain for u € (O, %) in higher dimensions
d > 5. However, to the best of the authors’ knowledge, prior to the present work,
it remained an open problem whether blowup occurs for u € (%, %) withd > 5
and p € (0,5%) with3 < d < 4.

Regarding the weaker damping term —up? with 1 < p < 2, for higher dimensions
d > 5, Winkler [452] verified the existence of finite-time blowup solution when
1 <p< % + 2dl_—2' Subsequently, for dimensions d € {3,4}, Winkler [453]
demonstrated finite-time blowup for 1 < p < %. This range was later significantly
extended by Fuest [155], where the author established the finite-time blowup for

l<p< % in dimensions d = 3 and for 1 < p < 2 in dimensions d > 4.

4.1.2 Main result

The principal objective of this work is to establish the optimal blowup result to

(KS-D) in three dimensions. Specifically, we establish the existence of a smooth
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finite-time blowup solution to (KS-D) with nonnegative density and finite mass for

any 0 < u < % in three dimensions.

In the literature, most blowup results for chemotaxis equations are obtained either by
tracking the evolution of some appropriate functional (such as the second moment)
to obtain a contradiction [34, 102, 123], or by working in the radial setting where the
mass accumulation function satisfies an ODE [155]. However, the damping term
—up? in (KS-D) destroys the structures that these proofs rely on. In particular, it
leads to a time-decreasing mass and breaks the divergence form structure that the
classical Keller-Segel equation (KS) enjoys, thereby making these classical methods

too limited to obtain the sharp blowup result for (KS-D).

Motivated by the various singularity formation results, ranging from the nonlinear

heat equation [45, 94, , ], nonlinear wave equation [124, ], nonliear
Schrodinger equation [325, ], incompressible fluids [73, 74, 76, , , 1,
compressible fluids [47, 78, 320], we adopt a strategy based on the direct construction

of finite-time blowup solutions via the stability analysis of an approximate blowup

solution. And the precise statement of the main theorem is as follows:

Theorem 4.1.1 (Existence of finite-time blowup to (KS-D) with finite mass). For
any fixed 0 < u < % let jo be an integer such that

1_
jo=J = -0 o, (4.1.5)
1-3u
it then follows that
B=Blou) =ty L <] 4.1.6)
- .]O’lu Ll 3(1_/1) 2_]0 2 .

In addition, under these choices, there exists a radially nonnegative pg € C5° (R3)
3 such that the related smooth solution to (KS-D) exhibits finite-time blowup at

t =T < co. Moreover, the solution satisfies

X

1 X
p(t,X) = ﬁ [Q ((T——t)ﬁ) + & (l, (T——l')ﬂ)] , XE€ R3, t e [0, T), (417)

where

3Since pg € C8°(R3), the total mass of the system is necessarily finite. Additionally, with the
nonnegativity of initial data pg, an argument analogous to [274, Theorem A.1] ensures that the
corresponding solution remains nonnegative in its lifespan.



97

o (Existence of profile). Q is a unique smooth radial decreasing solution to the
equation:

Q+By-V,0=V,0-V,A]'Q+ (1 -p)0Q?, (4.1.8)

with the initial data

0(0) = ﬁ and 0270 (0) = =(2jo)! < 0. (4.1.9)

o (Smallness of error term). There exists s = s(u) € Zs; sufficiently large and

constants C > 0 and € > 0 such that the error term € satisfies

le®)llgs@sy < C(T -0, VO<i<T.

Comments on Theorem 4.1.1.
1. Optimality in blowup results for Keller-Segel equation with logistic damping.

Theorem 4.1.1 shows the existence of a finite-time blowup solution to 3D Keller-
Segel equation with logistic damping (KS-D) for any fixed 0 < u < % This result
provides the optimal blowup threshold for (KS-D) and completes the long-standing

conjecture proposed in [ 155, ] as mentioned in Subsection 4.1.1.3.

Moreover, our method is robust enough to extend naturally to higher dimensions
d > 3, resulting in an analogous sharp blowup regime. Specifically, for u € [0, %)

with d > 3, there always exists a finite-time blowup solution to (KS-D).

When the damping term is weakened to —up? with g > O and 1 < p < 2, the
problem becomes simpler, as this term can also be viewed primarily as a perturbation
of the dominant aggregation effect. Concretely, one could use ﬁQ( (Tf ) ) with Q
constructed in Theorem 4.1.1 with p = 0 as an approximate solution. Alternatively,

one may use the self-similar solution (4.1.4) of the classical Keller-Segel equation
(KS) as an approximate solution. Then, we could apply the stability theory developed
in this work or [173, ] to establish the existence of finite-time blowup for any
u > 0and p € [1,2) in three dimensions. Since this problem is easier to handle,

we do not pursue this in detail and only study (KS-D) with essential difficulty.

2. New blowup mechanism for classical Keller-Segel equation in 3D.

For 3D classical Keller-Segel equation (KS), by applying Theorem 4.1.1 with u =

0, we have constructed a countably infinite family of blowup solutions, whose
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asymptotic behavior is given by

1 X
1,x) = ) , Vte(0,T),
p(t.) T_tQﬁ,((T_t)ﬁj) (0.7)
where B = % + % < % for all j > 4 and each Qg solves (4.1.8) with 8 = ;. This

blowup is an "abnormal” Type I blowup, in the sense that it does not match natural
scaling (4.1.1) #. Consequently, as a by-product of Theorem 4.1.1, we establish a
new family of blowup mechanisms for 3D classical Keller-Segel equation (KS).

3. Extension of Theorem 4.1.1.

Theorem 4.1.1 establishes the precise blowup mechanism for the density but does
not address its stability. Nevertheless, by following the standard approach outlined
in [94, ], one can construct a finite-codimensional Lipschitz stable manifold of
radial initial data such that the corresponding solutions to (KS-D) exhibit blowup

dynamics similar to in (4.1.7).

Besides, a natural extension to the nonradial blowup can be expected by using the
spectral method from [57, 58, 71, 78]. Alternatively, following the argumentin [77],
one might introduce a matrix system of modulation ODE:s to realize it. Furthermore,
noting that the blowup solution constructed in Theorem 4.1.1 is highly localized,
one can expect a finite-time blowup solution in a bounded domain by adapting the
cut-off technique from [57, 58]. However, as the main focus of this work is on
the existence of finite-time blowup solutions to (KS-D), we do not pursue these

generalizations in detail here.

In addition, our method is expected to be sufficiently robust to potentially shed light
on other models, such as the nonlinear heat equations. As a further motivation for
the linear and nonlinear analysis for the Keller-Segel equation (KS-D) in Section
4.4 and Section 4.5, we briefly outline this in Section 4.2 for 1D semilinear heat

equation.

4.1.3 Proof strategy and related key highlights.
4.1.3.1 Kaey idea of the construction: diffusion term as a perturbation.

“We take the ansatz p(t,x) = ﬁQ (ﬁ) and plug it into (KS-D). Requiring that all
terms in the resulting equation have the same strength, the exponents must satisfy a = 2b = 1. This
choice precisely coincides with the scaling symmetry (4.1.1) of the equation. We refer to blowup
solutions satisfying this form as exhibiting natural self-similar blowup, in analogy with (KS-D).
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Motivated by the explicit self-similar blowup solution (4.1.4) to the classical Keller-
Segel equation (KS), a direct idea is to seek an analogous self-similar solution
matching the natural scaling for the damped system (KS-D). Specifically, since
(KS-D) satisfies the scaling invariance (4.1.1), one is led to consider special solutions

of form

1
putr0) = 70, (=],

where Q, solves

1
Qu+ 5y VOu = AQ,, +V - (QuVAT'Q,) — Q3. (4.1.10)

However, the damping term —up? significantly complicates the problem by breaking

the divergence structure of (KS). In particular, the partial mass

m,(r) :=/ p(x)dx, 4.1.11)
B(0,r)

is invalid to simplify the equation (4.1.10) into a second order local differential
equation, resulting (4.1.10) essentially a third-order differential equation for general
ue (0, %), which, to the best of authors’ knowledge, is quite difficult to analyze and

is still open.

Instead, we adopt an alternative approach inspired by [77, , , , , ],
where the first step is to neglect the diffusion term and construct a self-similar

blowup solution for the following 3D aggregation equation
Op=Vp-VA p+(1-wp? (4.1.12)

in the form

X
(T —1)B
where the profile Q satisfies (4.1.8). We then choose (4.1.13) as an approximate

o(t,x) = Tl_tQ( ) with g < % (4.1.13)

solution to the original system (KS-D), which breaks the natural scaling of (KS-D),
thus making the diffusion term Ap subcritical and allowing it to be treated as a

perturbation relative to the dominant aggregation term.

Compared to (4.1.10), the equation (4.1.8) is effectively second-order and much
more tractable. By restricting to radial solutions and introducing the averaged mass
of Q in the ball B(0, r)

fo(r) = %/rQ(s)szds, (4.1.14)
r 0
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(4.1.8) can be reformulated as an ODE system in terms of (Q, fp) (see (4.3.3)). The

formation of solutions to (4.3.3) is through the dynamical system and a standard
phase portrait analysis (See Figure 4.3 and Lemma 4.3.2). These methods have
been instrumental in recent developments concerning the construction of smooth
profiles for implosion, gravitational collapse, and collapsing-expanding shocks [47,

, , , , ]. The regularity of self-similar solutions serves as a
fundamental criterion for solution admissibility and plays a crucial role in ensuring

the existence of a nontrivial solution in the context of the present problem.

4.1.3.2 Compatibility of u < %: insights from the phase portrait analysis.

One of the main goals of our chapter is to figure out the existence of the smooth
nontrivial radial solution to (4.1.8) for some 8 < 1 which can be further simplified
into finding a smooth curve connecting
— 1 1 5
o '_(l—u’3<1—u>)’ R
and the origin O under the ODE system for (Q, fp) given by (4.3.3). We classify
the problem into three cases based on the relative position between fp = 8 and Py,

and analyze the corresponding phase portraits:

Case 1. Py lies strictly above the line {fo = B}: B < ﬁ (See Figure 4.1).

We remark here that in Case I (8 < 3= M)) motivated by the related phase portrait
(see Figure 4.1), the flow field around Py is directed toward Py. Consequently, Py
is a stagnant point in this case and Q(r) = — 1s the only smooth solution to (4.3.3)
with (Q(0), fo(0)) = Py that can be obtamed. Therefore, to obtain a nontrivial
solution to (4.3.3) with (Q(0), fo(0)) = Py, it is necessary for S to satisfy
3(11_ ) _ﬁ<l (4.1.16)

This requires that u < 5, which aligns exactly with the optimal range of p provided
in Subsection 4.1.1.3 and Theorem 4.1.1.

Case I1. Py lies on the line { fp = B}: = (See Figure 4.2).

I
3(1-p)

Case III. Py lies strictly below the line { fo = B}: B > m (See Figure 4.3).

SWith the singular term % appearing on the right-hand side of the ODE system (4.3.3), the choice
of initial data (Q(0), fo(0)) = Py should be required to ensure that Q is smooth near r = 0.
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Figure 4.1: Q fo-plane with P above the line fp = . In this case, there is only a
trivial solution solving (4.3.3) with (Q(0), fp(0)) = Py.
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Figure 4.2: Q fo-plane with Py on the line fp = S. In this case, though it seems
possible to have a solution curve connecting between P and the origin O from the
phase portrait, with the overwhelming singularity on the right-hand side of (4.3.3),
after some careful analysis, the only possible smooth solution starting from Py to

should be the trivial one: (Q(r), fo(r)) = Po.
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4.1.3.3 Stability analysis beyond the spectral theory.

After selecting the self-similar blowup solution (4.1.13) of the aggregation equation
(4.1.12) as an approximate solution to (KS-D), we then proceed to study the pertur-
bation dynamics near the profile Q under the self-similar coordinate (4.4.2), which

constitutes the key to our stability analysis.



102

fo

I e

:/ # 1 | ) \ \ \
AT
Figure 4.3: Q fo-plane with Py below fp = S. In this case, we can always choose
countably many {f;}; (see Theorem 4.1.1 and Lemma 4.3.2 for more details) such
that there exists a smooth solution curve (the red curve in the figure) lying in M and

connecting Py and the origin O simultaneously, we will discuss this case in more
details later in Lemma 4.3.2.
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In the literature, one of the natural approaches to address this problem is to analyze
the spectral properties of the associated linearized operator. Such analysis typically
relies on compactness arguments [47, 58, , , , , ] or other more
intricate operator theory, e.g. studying the precise or approximated spectrum of the
linearized operator [95, , , , ]. For problems with an explicit profile
available, studying the spectrum of the linearized operator around the profile yields
useful information for stability, e.g. [95, , ]. However, for more complicated
dynamics with only implicit or numerically approximate profiles, as is our case,

obtaining the spectral information becomes significantly more challenging.

Alternatively, we adopt a robust approach based on energy estimates with a singular
weight appropriately chosen. Linear stability can be extracted via enforcing local
vanishing conditions of the perturbation at the origin, using only limited information
of the profile. The idea was first demonstrated via the seminal works of [73,

] in the self-similar case, and later on generalized by the second author with
collaborators to type I singularities beyond self-similarity [77, 2 18] with the blowup
law automatically inferred. Such a stability argument via singular weights will be
further amenable to computer-assisted proofs. In this chapter, we further generalize

the idea to the finite-codimensional stability case by studying this open problem.
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4.1.4 Structure of the chapter.

In Section 4.2, we briefly discuss the approach for handling the finite-codimensional
stability of blowup solutions to the 1D semilinear heat equation by introducing the
singular weights. Motivated by this illustrative example, we then focus on the
Keller-Segel equation with logistic damping term (KS-D). In Section 4.3, given
any fixed u € [0, %), we establish the existence of nontrivial solutions to equation
(4.1.8) with an appropriate choice of 8 € (3(1—1_#), %), the quantitative properties of
the approximate profiles will be investigated as well. For the stability analysis, we
first examine the coercivity of the linearized operator in the L2, sense with w being
sufficiently singular at the origin, as detailed in Section 4.4. Finally, in Section 4.5,

we will study the nonlinear stability to complete the proof of Theorem 4.1.1.

4.1.5 Notations.
We denote

(ry=+v1+r2

And we define a radial smooth cut-off function y on B(0, 1) by

1, iffy| <1,
x(x) = (4.1.17)
0, if|yl>2.

Based on this, we define the smooth cut-off function on B(0, R) by

xr(X) = x (%) 4.1.18)

For any given weighted function w : R®> — R, we define L? (R?) the weighted inner

product by
erepe = [ n@a@wwd.

and the weighted L? space L2,(R?) by the collections of all functions of g satisfying
lglly, = (g &)z < oo

Furthermore, we define C;°(Q) as the collection of all C*(R3) functions with

compact support in Q c R,

For any fixed m € Zs(, we define H>" the collection of all functions satisfying

el = [ Ia"gPdr < o
R3



104

and define H>"™*! the collection of all functions satisfying

1811720 = /RS VA" g|2dx < co.

In addition, we denote H* (R3) for the collection of all functions with finite H™
norm for all 0 < m < k. And Hfa 4 1s the collection of all radial functions lying in
H*. Moreover, wewrite H*(R?) := N> (HF(RY).

If h(x) = h (|x]) is a smooth radial function on R?, then 4(r) can be approximated

by the Taylor expansion at the origin:

M _ 8y
h(r):Z[h] i+ 0(PM) with [k = o : (4.1.19)
y ' HY

where [h]; is the 2 j-th order coefficient of Taylor expansion of 4(r) at the origin.

4.2 Motivating example of 1D semilinear heat equation

In this section, to illustrate the ideas of proof more clearly, we first consider the
simpler 1D semilinear heat equation as a motivating example. Precisely, we will
briefly sketch the high-level idea to study high-order vanishing type-1 blowup for

the 1D semilinear heat equation under radial (even symmetric) setting:

Up = Uy + U (HEAT)

4.2.1 Self-similar renormalization and the approximate solution
For any fixed m € Z., we introduce the self-similar coordinate

X dr 1 Ar 1
= —_—, _—= -, = 0’ _—= -, 4.2.1
Y dt A2 T =0 A 2 ( )

1
and corresponding renormalization
1
u(t,x) = EU (1,y), (4.2.2)
then A(7) = /loe_%T and U solves the equation

_2 1
0;U =2 uly, - U~ Ty VU + U?, (4.2.3)

where the diffusion term can be regarded as a perturbation since 2 — % > 0. This,

in turn, motivates us to find an approximate solution to the equation

1
~U-—y -VU+U?=0. (4.2.4)
2m
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In particular, this equation can be explicitly solved by
U.(y) = (1 + ¢y (4.2.5)

Here ¢ > 0 is a constant, and m > 1 describes the vanishing order of the next order

expansion of U, near the origin.

4.2.2 Linear stability
We fix m > 1 and ¢ = 1 in (4.2.5), and plug the ansatz U = U, + € into (4.2.3), it

then follows that & solves
_ 2-2 2
Ore=A"mUy, + Le+&°,
where the linearized operator reads

1
Le=-&——yode+2U.e¢. 4.2.6)
2m

Next, we introduce a weighted Lé space with singular weight @(y) = y~™*"~* near

the origin to extract damping, which is the essential step to close the nonlinear

stability. Via the integration by parts, we have the coercivity near the origin

(® y)y 3
(Le, 8)% = ((—1 +2U, + 1m0 ,E 9 ~ (&, S)Lé . 4.2.7)
In particular, with careful analysis, there is a small constant 0 < x = x(m, U,) < 1
such that (4.2.7) can be extended to

(Le, 8)L(z9 < —ﬁ (e,€);2 . (4.2.8)

O+k

Additionally, we need to introduce the higher Sobolev norm H K to close the bootstrap

argument. Precisely,

2m dm

2K —4m -
< —II || & T O(llellyr-1llell gr), (4.2.9)

K 1
(Le, &)k = (( 1-—+2U,. + —) aKe 8K ) +O(llell yr-1llell gr)
L2

where the leading order enjoys damping once we choose K = K (m) > 1.
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4.2.3 Modulation ODEs and nonlinear stability
With the singular weight @(y) = |y|™"~* given previously, we further radially

decompose & into

e(r,y) =eu(t,y) +&5(7,y), with g, = Z cj(T))((y)yzj, (4.2.10)
j=0

such that g,(7,y) = O(y*"*?) near the origin, which yields an ODE system for

modulation parameters {c;} ’J’?:O:

. i _; .
Cj: (1—#) Cj+[83]j+/12 m[Uyy]j, OS] <m_1’ (4211)

. _2 .
Cm = [8,3],,1 —2¢co+ A% [Uyylm, Jj=m.

Additionally, £, = O(y*"*?) solves the equation
Oreg = Leg +2g,65 + sf +G[A,U,¢g,],

with the modulation term G[A, U, &,] = O(y*"*?) given by

K
GILU, &) = (275U + Loy +82) = 3 |275U + Loy + 23| ™.
. j
j=0
Finally, we can use the standard topological argument together with (4.2.7) and

(4.2.9) to derive the nonlinear stability with finite codimension m + 1.

Remark 4.2.1. We expect that this nonlinear stability result can be improved to
finite-codimension m — 1, which is two dimensions lower than our previous findings.
The key underlying reason is the presence of two degrees of freedom, namely, the
choice of the blowup time T > 0 and the shrinking rate. These degrees of freedom
can be utilized through a matching argument to recover the corresponding unstable

directions as in [273, ].

Alternatively, one may employ a method of dynamical rescaling to establish stability

with finite codimension m — 1. Specifically, we modify the coordinate (4.2.1) as

d 1 A 1 1 1
= LI =0, —=-=+=Cq &:———mcs.

YEIT g T e 1272 L 2

1
’um

We then define the corresponding renormalization

u(t,x) = /%U(T, y).
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Under this coordinate transformation, U satisfies
2 -2 1 2
0:U=2" mUyy + (=1+¢4) U - 2—+cs yo,U +U~,
m
where the parameters (c4, cg) are determined by the modulation conditions
U(t,0) =U.(0) and [U(7,0)]m = [Uslm,

and we eliminate neutral modes by fixing co = ¢, = 0. By applying a similar argu-
ment of modulation ODEs, we obtain the nonlinear stability with finite codimension
m — 1. Notably, introducing extra scaling parameters to perturb the scaling sym-
metry is crucial for extending the argument to the nonradial setting; see previous

works by the second author and collaborators [77, ]

Remark 4.2.2. Compared with the semilinear heat equation (HEAT), analyzing
the Keller-Segel equation with logistic damping (KS-D) involves several additional
challenges. For example, the profile U, introduced in (4.2.5) is an explicit solution
to the first-order and separable local equation (4.2.4). In contrast, for (KS-D) with
u e (O, %), the associated profile equation (4.1.8) is inherently nonlocal and cannot
be trivially solved. This nonlocality requires a more delicate analysis, which will be

carried out in Section 4.3.

Moreover, since there is no explicit nontrivial solution to (4.1.8) with (4.1.9), addi-
tional effort is required to derive quantitative properties of the profile Q. Combined
with the nonlocal nature of (KS-D), these complexities make the establishment of
linear coercivity of the Keller-Segel equation more intricate than in the case of the
semilinear heat equation (HEAT). Detailed strategies to handle these obstacles will

be presented in Section 4.4.

4.3 Existence of profile via phase-portrait method

This section is devoted to the existence of smooth profile solving (4.1.8) when u < %
with the appropriate choices of . Firstly, note that for any radially symmetric
function R(y) satisfying R(y) — 0 as |y| — oo,

]
VAT'R(y) = ly%/y R(s)s2ds, 4.3.1)
0

Then, under the radial symmetric assumption, (4.1.8) becomes

1 r
(r_z /0 Q(s)s’ds —,Br) Q'(r -0+ (1-wE*=0. (4.3.2)
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If fop # B, by introducing fp (cf. (4.1.14)), then we obtain an ODE system of
(Q(r), f(r)) for r > 0:

T )
Q (r) - ﬁ_fQ r ’ (4 3 3)

IAGEES

Remark 4.3.1. Fornotational simplicity, in the subsequent discussion of this section,
we introduce the following notations: we write f = fo, and Q; := [Q]; and
fi = [f)i for any i € Zso, where fg is given in (4.3.3), [Q]; and [f]; are the
2i-th order coefficients of Taylor expansion of f and Q at the origin respectively (cf.
(4.1.19)).

Our main result of this section is as follows, which gives the existence of the
nontrivial smooth solutions to (4.3.3) and the asymptotic behavior of the related

solutions when r = 0 and r — oo.

Lemma4.3.2. Forany fix u € [0, %), let B := B(jo, 1) = ﬁ+ﬁ with arbitrarily
fixed jo > J > 1 where J is defined in (4.1.5). Then, for any Qj, < 0, there exists a
unique smooth solution (Q(r), f(r)) to (4.3.3) on r > 0 with initial conditions:

1 1
L—p3(1=p)

(Q(O),f(O))=( ) and  87°0(0) = (2j0)!Qj,.  (4.3.4)

Moreover, the solution (Q(r), f(r)) satisfies

1. (Q(r), f(r)) is analytic near the origin. Precisely, there exists € > 0 such

that (Q(r), f(r)) can be expressed as Taylor series

() =>"0;r" and f(r)=) fir¥, Vrel0el,  (435)

Jj=0 J=0

where {Q} ;>0 and {f;}j>0 satisfy the following recurrence relations

1
P =  Yj=0, 4.3.6
f] 2+ 3Q] J ( )
and
T j=0,
0, =10 0 <j <Jo (4.3.7)

I (g(jzﬁﬂl—#))Qin—i

2i(6-% -5t

. J>Jo-
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2. Both Q(r), f(r) > 0 are strictly positive for r € [0, o) and monotonically

decrease from Q¢ = ﬁ (respectively, fo = 3 11_#)) to 0 asr — +oo.

3. Forany j > 0, there exists a constant C = C(B, Q, j) > 0 such that
1090 +10Y F(r)| < CY T for reRE (4.3.8)

In particular, Q € H®(R?).

Proof. Step 1. Solve (4.3.3) via Taylor expansion. We assume that (f(r), Q(r))

can be expanded into the following forms:
fry=2 5 0= 0,
Jj=0 j=0
which yields that
rf(r) =) 21, rQ'(r) = ) 2j0r.
j=0 =0

Next, we substitute these expressions into the ODE system (4.3.3) and match coeffi-
cients to establish (4.3.6) and (4.3.7). Precisely, we first expand the second equation
in (4.3.3) to get that

D 2ifir =) (0 = 3f) .
j=0 j=0

which directly induces (4.3.6).

Next, we expand (8 — £)rd,Q = (1 — u)Q?* — Q, the first equation in (4.3.3). Using
the identity

(ihjrzj ikjrzj :i( ; kihj_i)rzj,
j=0 j=0 i=0

the left-hand side of the equation becomes

o 00 -~ © J
B= ) fir || 2 210 | =B ) 2105 = ) (Z 2z'Q,~f,-_l-) r
j=0 Jj=0 J= J=0 \i=0
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and the right-hand side of the equation becomes

(o) j 00 0 ]
(a-w), (Z QQ) A=Y 0 = Y (=10 Y000~ 0|
J:O [:O ]:O J:O l=0

Comparing the coefficients on both sides, we obtain that

J J
28jQ; = ) 2i0ifii=(1-p) ), 0i0j-=Q), ¥ j=20.

i=0 i=0

Replacing f;_; by using (4.3.6), we decouple the recurrence relations for {Q; ;‘;0

into
S : .
zﬁJQj_;inQj—i:(l_ﬂ);Qin—i_Qj» VJj=0.

In particular,
(1-wQ5~-00=0, for j=0,

and Q(0) = Qp = ﬁ exactly solves this equation. For j > 1, we isolate the highest

index term Q; to obtain

2j(8- 5+ -

7 .
2] 3(1—“)) Z(z(]_l)+3 + (1 —p) QiQj-i.

In particular, applying j = 1 to the equation together with the fact that g < % and

l+ﬁ>l,itinduces
2(B 1+ ! 0:1=0, = 0:1=0
2 3(1_/1) 1= ) 1=

1

Iteratively, with the choice of 8 = ﬁ + 205

1 1 1 1
-——— - =——— %0, = =0, V2<7<j.
P2 30— 20 27 e S0

Similarly, with 63 0(0) = 0 jo < 0 determined in (4.3.4),

S (s + (1 - ) Qi)
ﬁ—i,— 1 ¢0,=>Qj= 1(2(])31 1) J’
2 (B~ % - )

2j 3(1-p)
Hence, we obtain the recurrence relation (4.3.7).

Y Jj> jo.
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We remark here that under the previous argument, if S — J 3(1 mika 0 for all
J = 1,then Q; = O forall j > 1. In this case, Q(r) = , which is a constant
solution and not our focus. Hence, to obtain a non- constant solutlon we must give
the vanishing condition that 8 — 210 3(11 i = 0 for some jp > 2, which exactly

matches the choice of .

Step 2. Analyticity of (Q, f) near the origin. First of all, recalling [184, Lemma
B.1], there exists a universal constant a > 0 such that for all L € N,

1

Z — < % (4.3.9)
i+j=L J

i,j>0

which, by using the fact that Lj > i forany 1 <i,j < L — 1, yields that

1 L
DS D aa s % (4.3.10)
i+j=L 1 i+j= Ll ]
i,j>0 i,j>0

Next, we are devoted to the estimates of coefficients of the Taylor expansion deter-

mined in (4.3.7). Precisely, we claim that there exists K, @ > 0, such that

K/ .
Q)] < Ea Vi = Jo (4.3.11)
where K, @ > 0 satisfy
K/~ aK™® 1
1, < > and T 1 < ok (4.3.12)
0 2jo  2(jo+l)

In fact, we proceed by induction. For 1 < j < jjp, it automatically holds with (4.3.7)
and (4.3.12). We now assume that (4.3.11) holds for any jy < j < L, then by using
(4.3.7), (4.3.9), (4.3.10), (4.3.11) and (4.3.12), we obtain

1 2i
QL1 = — D (2]+3 (1—/J))QQJ
2L+ 1) (B~ xitsm - ) i
i,j>0
1 25 KL+1—20/
X (2j+3+(1_”))W
AL+ D) (210 m) i+j=L+1
i,j>0
KL+1—2(1

1 1 KL+1—&
2(L+1)( L )H,Z;‘H ("J_'3+"21'2) ST
2jo — 2Co+D) 70
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which yields the validity of (4.3.11) with j = L + 1, hence we have closed the

induction and verified the claim.

The analyticity of Q at the origin then follows from Cauchy’s convergence criterion

for power series. Precisely, there exists € = €(K) < 1 such that the series

o(r) = Z Q;r¥,  with Q; determined in (4.3.7),
j=0
is absolutely convergent on [0, €]. The analyticity of f(r) = Z;’;O fjrzj onr € [0, €]
simply follows (4.3.6) and the analyticity on [0, €] of Q.

Step 3. Extend (Q, f) to [0,+0c0). At this stage, our objective is to extend the
previously constructed solution to R+, and verify that both f(r) and Q(r) will
asymptotically decay to 0 and the solution curve (see the red curve in Figure 4.3))

remains within M with
M2={(Q,f))0<Q<Q0, %<f</3}‘

Here, recalling (4.3.3) or Figure 4.3, we observe that both (Q(r) and f(r)) are
strictly decreasing once the solution curve stays within M, i.e.

Q'(r) <0, f'(ry<0 if (Q(r), f(r)) e M. (4.3.13)

We first claim that there exists v € (0, €) such that (Q(r), f(r)) e M, Yr € (0,v].
To verify this, since

d%Jo
dr2jo

it follows that both Q(r) and f(r) are strictly decreasing on [0, v] for some 0 < v <

d’ o .
EQ(O) =0, V1<j<2j and Q(0) = (2j0)!Q;, <0,

€ < 1. Consequently, the portion of the solution curve for r € [0, v], which begins
at Pg (4.1.15), remains within the lower-left area of Py. Furthermore, it continues

to be representable as a graph, meaning that there is a smooth function # with

f=F(Q) on Qe€[Qo-vp 00,
for some 0 < vp < 1. By chainrule, (4.3.3), (4.3.5), (4.3.6) (4.3.7) and jo > J > 1,

o dr (0 =3fM) (B - f()
F(Qo) = dol.n=py 5. (1-w)Q%(r) - 0(r)

__B-f Qjo—%zi(l_ 3 )<L<l<
(1-w0o 0, 2jo\" 2jo+3 4

W —

2jo
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Thus, the slope of the solution curve at Py is strictly less than that of the line f = %Q,
which contains the lower boundary of M. So by adjusting O < v < 1 if necessary
and using the smoothness of ¥, we conclude that the curve {(Q(7), f(7))}re0,v]
lies above f = %Q. This has verified the claim.

Next, we prove that the solution curve remains in M for all r € (0, o). In fact,
ensured by the Cauchy-Lipschitz theory, with the strict decay property of the solution

within M (see (4.3.13)), there are only three possible scenarios:

1. there exists rg; € (0, o], such that the solution exits the region M at a point
(QE1, %) through the line f = %, where Q1 = Q(rg1) € (0,Qo);

2. there exists rg € (0, o], such that the solution exits the region M at a point
(0, fg2) through the f-axis, where fg> = f(rg2) € (0, fo);

3. the solution escapes M at the origin O.

We now eliminate scenarios (1) and (2) by contradiction arguments.

For the scenario (1), we assume that it occurs. Since (Q(r), f(r)) is strictly
decreasing before reaching the line f = %, together with Cauchy-Lipschitz theory,
the solution curve can be further extended on Q € [Qfg1, Qo] and represented as
0 — ¥ (Q) with ¥ a smooth function.

On the one hand, since {(Q(r),f(r))},e(o’rEl) c M, it follows that f(r) > %Q(r)
for any r € (0,rg,) and f(r),Q(r) is strictly decreasing on r € (0,rg,), thus
together with f(rg,) = %Q(rEl),

f(r) = f(re) 10(r)-30(rg) 1

’ = 1li _— li -3
T = i S ot 2 o =0t T3

On the other hand, recalling the ODE system (4.3.3) together with f(rg,) = %Q (rg,)

again, we compute

o= @QUI =3B F0) 1
R T R TR

which contradicts our assumption and hence we have ruled out the scenarios (1).

Regarding the second scenario (2), by an argument analogous to that of the first case,

the solution curve can be extended on f € [ fg2, fo] and represented as f +— Q(f)
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with Q a smooth function, and thus

(@Y £, (g, ) = QU AV 1) € M. (43.14)
Recall (4.3.3) again, Q(f) is governed by the equation
,_ (1-w@-a
Q= goipaoyy Ve U fl (4.3.15)

whose local wellposedness near f = fg, is well established by the Cauchy-Lipschitz
theory. Nevertheless, besides the nontrivial solution curve given in (4.3.14), we
observe that {(0, )} felfe,.fol 1S also a satisfied solution curve, which leads to a

contradiction and hence we have ruled out the scenario (2).

Consequently, we have shown that the solution curve could only exist M at the

origin O, i.e. in scenario (3). To conclude this step, it suffices to verify that

1im (Q(r), £(r)) = (0,0). (4.3.16)

In fact, similar to the previous argument, the solution curve can be further smoothly
extended and represented as Q — F(Q) on [0, Qp]. Additionally, using (4.3.13)
again, the function r +— Q(r) is one-to-one and thus r can be expressed by r = R(Q)
on Q € [0, Qp], with R solving

B-F(0)
(1-wQ?-0°
which follows from the inverse function theorem and (4.3.3). Then, a direct compu-

tation together with (4.3.4), (4.3.6), (4.3.13) and the fact that R(%) € (0, 00) yields
that

R'(Q) =R(Q)

Qo
= 1
2 ) +Q1—r>%+

[0 LTy
L (1-w0%-0

0
>lnR(Q0)+(,8—fo) lim (~ 11 —é) dQ = +oo,

2 0—-0+ % Q—m

Qh_r)r&lnR(Q) =InR (

and thus we have verified (4.3.16) and finished this step.

Step 4. Uniqueness. Assume that there exist two smooth solutions (Q", (1)) and
(Q(Z), f (2)) solving the system (4.3.3) with the same initial conditions (4.3.4), then
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by the C* continuity of Q at the origin and a similar argument as in Step I and Step
3, it can be verified that (Q®, f() satisfies

1
oV =0 = — 0"=0P=0 (with1<;j<jo-1). 0V=0 <0
l—p

(4.3.17)

and both Q¥ (r) and £ (r) are strictly decreasing on R* for both i = 1,2. Next,

we study the difference between these two solutions. Denote

(20,8 f) = (QW - @@, g1 — @)

which solves the following ODE system:

1 (1=p@W+0M)a0-20  (1-p)(Q¥)*-0? Af
(80)"= gojm r B ; BT (F-)°

(af) =272,

We define
E(r) =120 +|af(r)]%

and compute

& =1+11,
B 2 _ M 4+ 0@y _
with 12208030 (=@ 40D 1 o
r (B=fD)r
- 2y2 _ 0@
o 1 =@®2 -0 ! A 80,

r (B= (B~ fD)
By using Cauchy inequality, strictly decreasing fact of Q¥ (r) and £ (r), (4.3.4)
and (4.3.6), we bound [ by
( - w)(Q(0) +0(0)) - 1)8(r)
(B—-f1(0)

Applying condition (4.3.17) along with the Cauchy’s inequality, there exists constant
M = M(j07 M, Q(l), Q(Z)) > 0 such that

I< ( (4j0+1)%r).

11 < M|afaQ| < ME(r),

which yields that

E'(r)y=I+11< (4jo+ 1)Q+M8(r)
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Applying Gronwall’s inequality,
0<&(r) <&E() ( ) eM=9 " yniformly for r,§ > 0.

Since (Q®, £®) (withi = 1, 2) satisfy the same initial conditions (4.3.17), it follows
that
=0, VO0<j<4jy+2,

which implies that
&
im —(.5) e™Mo =,
§—0+ 4o+l
By the squeezing theorem, it follows that &(r) = 0 for any » > 0. Consequently, we

conclude Q1 = Q@ and this completes the uniqueness.

Step 5. Decay estimate of Q and its derivative. Based on the discussion in Step 3,
both Q(r) N\, 0 and f(r) N\, 0 as r — oo. Next for any fixed vy > 0, recalling the
choice of B = fo+ 5 there exists My = My(vp) > 1 such that

0<(1-v0)Q(r) <Q(r)— (1 - WQO*(r) <O(r), Vr > Mo,

1 1
and —-2jp<-———<-=<0.
B~ f B
From the ODE (4.3.3) satisfied by Q(r), these inequalities imply
2 —
JoQ<Q()<_( Vo)Q, Vr> M,
r Br

hence
L\ A0
0(r) < 0(Mo) (ﬁ)  Vre M
0

In particular, since 5 < %, we can choose vo > 0 sufficiently small such that 1;;0 < 2.
This allows us to find a constant C = C (8, M) > 0 such that

Q(r) <C{r)?, Vr=0. (4.3.18)

Moreover, using the second equation in (4.3.3), there exists a constant C = C (8, My) >
0 such that

0< f(r) = %/OVQ(s)szds < —/ —ds <C{r) 2, Vr=0. (43.19
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For the derivatives of Q(r) and f(r), applying c')rj ! (with j > 1) to (4.3.3) and
using the base decay estimates (4.3.18) and (4.3.19), a straightforward induction
then shows that

100 < C (r)y 2, (4.3.20)

for some constant C = C(8, My, j) > 0.

Finally, combining the C* smoothness of Q, the above decay bound on Or(j) O (cf.
(4.3.18) and (4.3.20)), and the standard identity Dg = |f€—| - Vg for radial function g,

we can verify that Q € H*(R?). This completes the proof of the lemma. O

Based on Lemma 4.3.2, one naturally obtains the existence of a smooth profile
satisfying (4.1.8). More precisely, we have the following result.

Corollary 4.3.3 (Existence of smooth self similar profile). Under the assumptions of

Lemma 4.3.2, for any fixed [Q] j, < O, there exists a unique smooth radial symmetric
solution Q € H*(R3) to (4.1.8) satisfying

0(0) = ﬁ and 87 0(0) = (2j)![Q1}, < 0. (4.3.21)

In particular, Q(r) is strictly radially decreasing with respect to r > 0 and satisfies
the decay estimates (4.3.8).

4.4 Linear theory

Starting from this section, we fix u € [0, %) and a positive integer jo > 31(1_—5Z)+1 > 1,

then we have

1 1 1
=——  +—¢l0,=]|. (4.4.1)
Po30-m " 20 ( 2)
We now introduce the self-similar coordinate:
X dr 1 Ar 1
=—, —=—, =0, —=-= 442
YRR a T a2 Tl 12 (4.2
and the corresponding renormalization
1

p(t,x) = E‘I’ (7,y). (4.4.3)

The equation (KS-D) can be mapped into the renormalization system of W¥':

OY = AV - — By - VI + V¥ - VAW 4 (1 — )2, (4.4.4)
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where, from (4.4.2), the function A is
A7) = e 2", V130, (4.4.5)

with initial data given by 4 0" Ao > 0.
T=!

Next, we consider a solution to the above equation in perturbative form
Y=0+e¢,

where Q is a solution to the PDE (4.1.8), corresponding to the fixed parameters u
and jo, whose existence is established in Lemma 4.3.2. Direct computation shows
the residue € solves

dre = Le+ A7 PAY + N(¢), (4.4.6)

where £ is the linear operator
Le=—(e+By-Ve)+ Ve -VA'Q+VQ - VA e +2(1 — p)Qe, (4.4.7)

and N(¢) is the nonlinear term
N(g) =Ve - VA e+ (1 - p)el. (4.4.8)

For the linear operator £ given in (4.4.7), we will prove its coercivity in the sense
of L2, for some weight w sufficiently singular at the origin. Precisely, we have the

following result:

Proposition 4.4.1 (Coercivity of L in L%V). For L given in (4.4.7), there exists a
weight defined by
w(y) =y +B, (4.4.9)

where (A, B) € Z, X R, satisfy A > 4jy + 3 and % € Zsq, such that L satisfies the

coercivity in the following sense:
1
(£8.8)2 < —gllgIIia, Vge L2 (R radially symmetric. (4.4.10)

Remark 4.4.2. Due to the limited quantitative properties of Q available from Lemma
4.3.2 and the nonlocal structure of the operator L, it is difficult to identify the optimal
value of A explicitly, in contrast with the situation for the heat equation discussed
in Section 4.2. Nevertheless, the existence of some A satisfying (4.4.10) is sufficient

for our subsequent analysis.
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Proof of Proposition 4.4.1. First of all, for any g € L2, by integration by parts,
(4.3.1) and the fact that y - Vw = —A|y| ™4,

3B
—ﬁ/(y-Vg)gwdy=g(—A+3)/g2|y|‘Ady+Tﬁ/g2dy,

and

_ 1 A _
[ (vs-va7'0) gwdy= -3 [ ogtway+ 3 [ @hobi ™y @a

with which, recalling the definition of L ( see (4.4.7)), we split (£Lg, g) 12, into the
following three parts:

(£g8,8)12 = Isi + 1o + InLo, (4.4.12)
where
Isy = (—1 + g(—A + 3)) / gyl dy + % / g folyl™dy + (% - 2/1) / g0yl dy,
Iro = (—B+ 3‘%'8) / gdy + (% — 2,u) B/ ¢*0dy, Iyio = / (VQ . VA_lg) gwdy.

Here Ig; denotes the sum of local terms involving the singular weight |y|™, I1¢
denotes the sum of local terms without singular weight, and Iy7o denotes the sum

of nonlocal terms.

Estimate of Is;. By Lemma 4.3.2, Q and f are both radially decreasing. Moreover,
recalling the initial conditions of (Q(0), fp(0)) given in (4.3.4) and the definition
of Bin (4.4.1), Is; can be estimated by

IS[ < (—1 + g(—A + 3)) / g2|y|_Ady + (%fQ(O) + (% - 2#) Q(O)) / g2|y|_Ady
1

1
-0 125 A 3 1 /2 _A
= -1+ LA+ + —— + = —2u]| — d
( + > ( +)+6(1_#)+(2 /1)1_# g Iy["dy

—A+3
:(1+ 4,* )/ 2y|Ady, (4.4.13)
Jo

where the coercivity becomes linearly stronger as A > 1 grows.

We remark here that the derivation of (4.4.13) is rather delicate. Precisely, one
might naturally expect that the term g + 8y - Vg alone provides enhanced coercivity

with increasing A. However, this gain is offset by the contribution % / g2 fol y|™Ady,
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which greatly diminishes the coercivity originating from the scaling term. Never-
theless, with the estimate given in (4.4.13), we find that this essential obstacle can

be almost exactly controlled via the fact that 8 — fp(r) > 8 — fp(0) = ﬁ > 0.

Estimate of I1o. Again, by Lemma4.3.2, Q isradially decreasing and Hl yl_%(?rQ L <
o0, so there exists Ry = R;(Q) > 1 such that
“0(R) < o and |yita,0 <= (4.4.14)
= —— an a < —. 4.
2= = 1000 Y L2(lxj=Ry) 5000

Noting that 8 < 4, we may now estimate the lower-order term 7 as follows:

I1o < (—B + §B) / gzdy + (§ - 2;1) B (/ ngdy +/ ngdy)
4 2 vI<Ry IyI2R,

B 3 _ 3

<-- / g*dy + (— - 2#) BQ(O)Ri‘/ gyl dy + (— - 2#) BO(RD g%,
4 2 V<R, 2
3B 3

= ——llgl;. +|5 - 2u) BQ(ORYligll;. . (4.4.15)
16 2 ‘y‘—A

Given the limited qualitative information about Q, the term involving Q cannot be
directly controlled, especially the integral of /Iyl <R, / g20dy, where Q(y) = O(1)
on B(0, Ry). To address this, we will absorb this term using the previous coercivity
(4.4.13) by choosing 0 < B < 1 sufficiently small.

Estimate of Inpo. By Cauchy’s inequality, the nonlocal term involving in /y70 can

be controlled pointwise by

1 r 1 1 _A A
5 [ eolsas= o [ ewlay= o [ temibibitay
r< Jo 4rr= Jpo,r) 4drrs Jp(o,r)

< (/ Wyl )% (/ yl*d )% —
= g8 Wy y yrayy = r
4nr? \Jp(o.n B(0,r) 4r(A+3)

(4.4.16)
and this induces that

1 Iyl
VQ - VA Adyl= [ 16,0||— Zd) “Ad
[ (vo-va7e)eniar|= [ 10,01 (5 [ tetolstas) eli4ay

1 A_l 1 |
) 4
s \maglele, [ 1wl s |yt

RS

=

lgll2
[yl

-A

2
gl

(4.4.17)

ly|=A

-
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which, by choosing A > 1 sufficiently large, can be absorbed in (4.4.13). Similarly,

repeating the previous argument, together with the choice of R} > 1 (see (4.4.14)),
the L? component of Iy can be controlled by:

- _1 -1
5 [ (v0-vas)edy < Blelis [ 10t Heldy+ [ 10011 elay
YI<R;

[yI=R;
B1gl2, + 50BR 0,01y PallglZ. + 50B|ja.0ly lell?
= 10001 LI el Pl gy ry 1812
B 2 A -2 2
< ggllelliz + SOBRY|0-Qly I [Lalgll: - (4.4.18)

The idea of handling this term is similar to /7o, and we can use the smallness of
0 < B < 1 to absorb Bf|y|<R1 (VO - VA™lg) gdy by the coercivity (4.4.13). Hence
combining (4.4.17) and (4.4.18) yields

1
4n(A +3)

B
Into < ( Iy ~26.0]),. +503Rf‘|||y|-%arQ||iz) gl + 55 llelZ.
Iy~

(4.4.19)

Conclusion of coercivity. Combining the estimates (4.4.13), (4.4.15) and (4.4.19),
we obtain that

1 ~A+3 1 |
.9)p2 < —<Bllgl?, + (1 N [v1-4o. / 2y Ad
(L8:8)13, < —3 ||g||L2+( Y e T\ ama+ Iy[720,0 L2) g lyl™"dy

3 _1 2
+ ((E —2,J) BRAQ(0) +50BR%||ly| zarQlle) lelly>
Iy~

with Ry = R{(Q) > 0 chosen as in (4.4.14). Next, we choose A > 4j, + 4 with
% € Z-¢ such that

—-A+3 1 1
1+ <-1, and ,/—H =)
470 an 47(A +3) yI20-0

then we choose 0 < B = B(A, Ry, 1) < 1 sufficiently small such that

1
< —, 4.4.20
Lz~ 100 ( )

1

3
(E ~ 2;1) BR{Q(0) +50BR|1y1726,0|[7, < T00°

so that we obtain that

1 1 1
(L &)1 < —gllelly: = 2Bligliz. = —g gl

ly|=A

which completes the proof of (4.4.10). O
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In addition, to study the nonlinear stability of Q in Section 4.5, it is necessary to
establish the coercivity properties of the linearized operator £ in a higher order

Sobolev space H*(** with K = %. The precise statement is as follows:

Proposition 4.4.3 (Coercivity of £ in H*X*%). Let A > 0 be as given in Proposition
4.4.1, and define K := % € Zs1. Then there exists constant C = C(Q, A, B, jo, i) >
0 such that

1
(L8, @)paxws < =g lgl s + Cllgla, ¥ g € Higg™. (4.4.21)
Proof. By the definition of £ given in (4.4.7),
(Lg,8)gxes = I+ 1T+ T +1V, (4.4.22)

with
J = — (AK+2 ((g +ﬁy . Vg)) ,AK+2g)L2 , I = (AK+2 (Vg . VA—IQ) ’AK+2g)L2 ,

111 = (AK+2 (VQ VA~ g) ,AK+2g)L2 , IV = (AK+2 (1= w0g), AK+2g)L2 .

First, observe that by scaling invariance, the term / can be computed as

2
L= (g (4K +5) + 1) A%+ 2|17, (4.4.23)

o= (1s2)
A=1

1d
I=--—
2dA

For the term /17, recalling (4.3.1), we rewrite VA‘IQ = rfoe, with e, = |§—| Then
by Lemma 4.3.2, [47, Lemma A.4], integration by parts, Gagliardo-Nirenberg
inequality, and Young’s inequality, there exists a uniform constant C = C(K, Q) > 0
such that

11 < ((VAK+2g - VA‘IQ) , AK+2g)L2 +2(K+2) ((a,(er))Amg, AK+2g)L2
+ C||r follyyaxsa 1N s 118 Il goxrs

1
2K +2) ((0(nfo))a g, 85%) + <o llgll + C gl (4424)

Since Q(r) is radially decreasing by Lemma 4.3.2,

| 1 d 1
foln == [ 0wsds > 50w [ s =200
r° Jo r 0 3
which yields that

0,(rfo(r)) = Q(r) =2fo(r) < 3fo(r) =2fo(r) = fo(r), VYr>O0.



123

Hence, by the decreasing fact of fp given by Lemma 4.3.2, (4.4.24) can be improved

to

|
Im < (2(1< +2)fp(0) + m) 1812k + Clgll3. (4.4.25)

For the term /11, following the argument in (4.4.16), we first compute
- L[
/(VAK+2Q.VA lg) AK+2gdy:/|8rAK+2Q| (72/0 |g(s)|s2ds) |AK*2g|dy

_1 _1
< ( [1a.8%2lly 2|AK+2g|dy) lgllze < |v1~20,45420

which, by Lemma 4.3.2, Gagliardo-Nirenberg inequality, and Young’s inequality,
yields that there exists C = C(K, Q) > 0 such that

118128l gaxes

2K+4
11 < / (VAK+2Q-VA—1g)AK+2gdy+C 2 VK0 |94 A gl | gl s
j=1
< Cllgllgexssllgll goxss < —=llgl2px + Cligll?- (4.4.26)

B 100
Finally, for /V, by Lemma 4.3.3, Gagliardo-Nirenberg inequality and Young’s in-

equality again,
2K+3

IV <2(1 - p) / QAR 2g2dy + C )" VKT || ||V gl |2 || AK g 1
j=0
(2(1 - 10(0) + m) g axas + Cllg 3 oxes- (4.4.27)

Consequently, combining (4.4.23), (4.4.25), (4.4.26), (4.4.27), along with the choice
of B < % from (4.4.1), Lemma 4.3.2, the selection of A from (4.4.20) and K := &
one finds that

B 2K +4

(L8, 8)iwn < (=5 (4K +5) 45—+ 1+ 100)||g|| s+ Cllgll

A+8 3ﬁ )
- (_ 4]'0 2 l+m)”g” 2K+4+C||g||L2 < —§||g|| 2K+4+C”g”L2’
and thus, we have completed the proof of (4.4.21). 0

4.5 Nonlinear stability

In this section, building upon the coercivity properties of the operator £ established
in Section 4.4, we proceed to analyze the nonlinear stability of Q. Then, based on
this nonlinear stability, we will conclude this section by constructing a finite-time
blowup solution to (KS-D) for any u € [O, %) with finite mass and nonnegative

density.
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4.5.1 Ansatz and modulation
Recalling the ansatz ¥ = Q +¢&, where ¢ is radially symmetric and solves the equation

(4.4.6), we further decompose € as motivated by Proposition 4.4.1:

K
&(t,) = 8u(1,) + &,(1, ), with &,(1,y) = > c;(xMy[¥,  @5.1)
Jj=0
where y is a radial smooth cut-off function on B(0, 1) defined in (4.1.17), and
K = % € Zis as in Proposition 4.4.3. The coefficients {c; }5'(:0 are chosen such that
the component &; satisfies the vanishing condition at the origin

07 e(r,00=0, VO0<j<K. (4.5.2)
In particular, we split &, as

eu(1) = Euyreal t Eu,fake » (4.5.3)

where

Eureal (T, Y) = ;020 Cj (Dx () |y|2j,

K

| (4.5.4)
Eu,fake (T’ )’) = Zj=j0+1 Cj)((y) |y|2J .

Remark 4.5.1. Recalling that the singular weight introduced in Proposition 4.4.1
might not be sharp, the decomposition (4.5.1) allows for stable components to be
included in g,. One can distinguish the unstable and stable parts as in (4.5.4).
For further intuition regarding decomposition (4.5.4), we refer the readers to the
modulation ODE system (4.5.9).

4.5.1.1 Coefficients of the Taylor expansion of L¢,

With the vanishing condition (4.5.2), one can derive the modulation equations for
{c; }5'(:0' A crucial step in this process is to compute the Taylor expansion at the
origin of each term appearing in (4.4.6). As a preliminary, we focus in this section

on determining the Taylor coefficients of Lg, at the origin.

Specifically, recalling the definition of £ from (4.4.7), and Taylor expansions of
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(Q, fo) at the origin given in (4.3.5), we obtain for any r € (0, €],

Ley = —(&y + proyey) + fo (rore,) +ro,Q (%3 /r 8M(S)S2dS) +2(1 - p)Qey
0

K K 0 K
=— > c;jr¥ —,BZchjrzj + Z[fQ]jrzj Zchjrzj
Jj=0 J=0 Jj=0 Jj=0
o K Ci oo K
; 2] 2 _ 2] 2]
+ ]Z:(;Z][Q]]r ;2J_+3r +2(1 - p) ]Z:(;[Q]]r jZ:(;c]r .

Applying (4.3.6), (4.3.7) and [Q] j, = —1, this yields that

Jo—1J

[Leu]j=—c;j=2Bjcj+2j[folocj+2(1-u)[Qloc; = cj, VO <)< jo,

and

[Leljo = —cjo = 2BJjocj, + 2jolfolocy + 2jO[Q]joC3_O +2(1 = w)[Qlocj, +2(1 = w)[Qljyco

2,
= 09,j,co, Where og =~ (5]0 +2(1 - ,u)) .
Similarly, for jo+ 1 < j < K, there exists {0y ;} = {07 (&, jo)} C R such that

Jo

[Le]; =

. j-1
- ]Cj+20-i,jci’ Vjo+l1<j<K.
Jo i=0

In summary, [ Le,];, the 2j-th order coefficient of the Taylor expansion of Lg, at

the origin, satisfies

Jo—J

L p 0<j <)o
[Leu])j = %Cj + 00,,C0s Jj = Jjo, 4.5.5)
Jo—=J

j-1 . .
j_ocj+zi=0 04,jCi» ]()+1S] <K.

4.5.1.2 Modulation equations.

Next, we derive the modulation equations for {c; }5.(:0 under the restriction given in
(4.5.2), building on the previous preliminary results. Concretely, with the decom-

position of € in (4.5.1) and the equation (4.4.6),

dres = Leg+ N(gs) + Ve, - VA ey + Ve, - VA e, +2(1 — p)enes + G4, Y, 4],
(4.5.6)
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where the modulation term G [A, P, g,] is defined as
K
G4V, g,] := A7PAY - Z c'j)((r)rzj + Le, + N(gy). 4.5.7)
=0

Since g, = O(r*(*?) at the origin as indicated in (4.5.2), and by the definition of £
given in (4.4.7), Les = O(r**2) at the origin, the following holds

Ores— (Lss +N(g5) + Ve, - VA e, + Ve, - VA g, +2(1 - ﬂ)gugs) = 0(r¥k+2),

which requires the modulation term G[A, ¥, &,] = O (r**?) at the origin. Noting

that G[4, ¥, g,] can be expanded as follows:

K
G4, ¥, &,] = 12 *PAY — Z ¢ixr¥ + Lo, +N(s,)

7=0
K . K ) K . K .
=7 Z[A‘I’]j/\(’”zj - Z ¢ixr + Z[Lgu]jXFZJ + Z[N(Su)]j/\frz]
J=0 Jj=0 J=0 J=0
(4.5.8)
K .
+ 27 (AQ + &) - Z[AQ + Agu]j)(rzf + 1278 (Aes — [Aes]KXVZK)
j=0
K . K .
+| Le, - Z['Egu]j)(rzj + N(Su) h Z[N(Su)]j)(i"zj,
j=0 i=0

where (4.5.8) has fewer orders of vanishing at the origin. Hence (4.5.8) should be
imposed to vanish at the origin, then together with (4.5.5), this yields the following

modulation equations onto the coefficients {c j}fzo:

¢j = 8de;+ A2PIAY]; + [N(80)]), 0<j <o,
éjo = 00,j,C0 t /12_4’6 [AT]jo + [N(«S‘u)]j, ] = j(), (459)

. jo—J —1 _ . .
Ccj = ]OJ.—OJCJ' + Z{:O 0i,jCi +/l2 4ﬁ[A‘P]j + [N(Eu)]j, Jo<J < K.

In conclusion, we obtain an ODE-PDE system in terms of ({c j}fzo, es), which
couples equations (4.5.6) and (4.5.9). Moreover, the modulation term G [4, ¥, &,]
in (4.5.6) can be further expressed as follows:
K
GILW,e0] = 2| (A0 + &) = ) [AQ +Ag ] jyr™ |+ 2% (Ae, - [Aey]kxr)
j=0
K

K
| Lew = Y [Leadjr¥ |+ N(e) - 3 [N(e)) ™. (45.10)

J=0 J=0
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4.5.2 Bootstrap argument.

We take 6, < 1 satisfying

1 1 1
6y < min{,2-4p,—, —— a7, B}, (4.5.11)
8 Jo loojol
and introduce the function
19 10 1
|1 2 10, 2
dreal(T) = 5 JZ:; i+ 7 co+ Toon s (4.5.12)

which describes the behavior of €, .,;. The main result is as follows:

Proposition 4.5.2 (Bootstrap). There exists 0 < 6, < 1 satisfying (4.5.11) such
that there exists (00,01, 02,03, 0 jy+1, 0 jy+2..., Ok ) With

1
00 K03 K041 K0jp2 K03 < .. <k K0 K0 <K 632 < 0y < 0(2),

(4.5.13)

such that for any 1(0) = Ao, &4(0) € L2, N Hrzfdm (R®) and {c;(0) }f=jo+1 ¢ satisfying

K
20| + 121> + |5 (0] 12 (3) + |£5(0)[| o z3y + Z lc;(0)] < 6o, (4.5.14)
J=Jjo+l

there exists {c;(0) }50:0 such that the radial solution to (4.4.4) with initial datum

Jo K
(Yo, 40) = | @+ > c; Oy + > ¢;(0)xIyl¥ + 850,40 |,
Jj=0 J=Jjo+1

globally exists and can be split into (4.5.1) satisfying the following for all T > 0:

e (Control the L? base norm of stable part )

les (D)l < 816720, (4.5.15)
e (Control the higher regularity of stable part &, via H**** norm)
lles (1) || gores < Gre 2%, (4.5.16)
o (Control the real unstable part €, yeq1)
dyeqr (T) < 53¢ T0%7 (4.5.17)

®With this regularity assumption on initial data, together with (4.4.2) and (4.4.3), by the standard
fixed point arguments asin [336] or [274, Appendix A], the local wellposedness can be ensured and the
related solution to (KS-D) satisfying p € C? ([0, Trnax), HXX*(R?)) N C} ([0, Trnax), HE(RY)).
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e (Control the fake unstable part &, fqke)

lcj(7)| < 6771007,V jo+1<j<K. (4.5.18)

Remark 4.5.3. In what follows, the estimates (4.5.27), (4.5.32), (4.5.35), and
(4.5.36) yield the requirements on {6;} summarized in (4.5.13). Notably, the con-
stants C > 0 appearing below, which might vary from line to line if necessary, are
all independent of {6;}. Therefore, we can choose appropriate {6;} in a manner to

close Proposition 4.5.2.

Remark 4.5.4. Proposition 4.5.2 is the center of the chapter. As in [94, ],
Proposition 4.5.2 will be proven via contradiction using the topological argument
as follows: given (Ao, &y, fake(0), 8s(0)) satisfying (4.5.14), we assume that for any
Eureal(T,y) = Zj:()zo c;(Mx Iy satisfying (4.5.17) when T = 0, the exit time

5 = sup {T >0 (dreal, {Cf}y=jo+1’ &s) satisfy (4.5.15)-(4.5.18) simultaneously on [0, T]}

(4.5.19)
is finite. We then look for a contradiction under the assumptions of Proposition 4.5.2.
Subsequently, we study the flow satisfying (4.5.15)-(4.5.18) on [0, T*]. Specifically,
we will show that the bounds in (4.5.15), (4.5.16), and (4.5.18) can be further
improved within the bootstrap regime. This implies that the only possible scenario
for the solution to exit the bootstrap regime is for the real unstable condition (4.5.17)
to fail as T > T*. Moreover, using the outer-going flux property of d,.q; at the exit

time T = 7%, we conclude a contradiction via Brouwer’s fixed point theorem.

4.5.3 A priori estimates

4.5.3.1 Preliminaries

In the section, as preliminaries, we are devoted to the estimate of [AY]; with
0 < j < K, which is the coefficient of Taylor expansion of AY with the 2j-th order

at the origin. And the main result is as follows:

Lemma 4.5.5. Under the bootstrap assumption of Proposition 4.5.2, as for the
function ¥ defined in (4.4.3), there exists a uniform constant C = C(K) > 0 such
that the quantity [AY]; = (ZLJ),aE J AY(0) satisfies

C(K), 0<j<K,
[[a¥];] < (4.5.20)
C(K) + C(K)||&sll goxa, J =K.
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Proof. Recall the decomposition of ¥ defined in (4.5.1),

[AW]; = =0 [AV](0) = —— 52 AQ(O1+—=— 87 Ay (0)+ =0 Ay (0),

ey’ (2))! (2))! (2))!
where, by bootstrap assumptions (4.5.17) and (4.5.18), there exists a constant C =
C(K) > 0 such that

1

ey

L 5¥101(0) 827 (A&, (0)

: <C(K), V0<j<2K.
(2/)!

For 8rszss(T, 0), note that £; = O(r*%*?) at the origin,
07 Aeg(0) =0, YO<j<K-1.

In addition, for 9?X Ae,(7,0), by Sobolev inequality, there exists C = C(K) > 0
such that

107X Aey(1,0)] < C|les(T)]ka1| < CIVHE+2g,(7,0)]
< CIIVE*2g,(1) |1 < Clleg(T) || s (4.5.21)

Consequently, combining all of the arguments above immediately yields (4.5.20).

O

Lemma 4.5.6 (Estimates of terms related to &,). Under the bootstrap assumptions
of Proposition 4.5.2, for the function &, defined in (4.5.1), N(&,) is compactly
supported on B(0,2) and satisfies

K K
YW@ @]+ [V @) < € Xl Vo @522)
j=0 J=0

for some uniform constant C = C(K) > 0. In addition, L&, € H**** and satisfies

K K
M iLeu@l|+ [ Lea@lgora < € Yles@l, Vrelo ], @523)

J=0 Jj=0

for some uniform constant C = C(K, Q) > 0.
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Proof. Recalling the definition of &, given in (4.5.1), and N(g,) = VA 'g, - Ve, +
(1 — u)&2, we check

NG = (e 5 [ eu(s)$3ds + (1 - p)é?

K 2j1€]1C]2 2j1+2j2
= Z W+(l—y)chch r

j1 j2—0
2jicici - 1
_Z Z “J1CHC ) +(1_ﬂ)cj1cjz rzj’ Vr<-—.
. 2j2+3 8
J=0 \jit+j2=j
This yields
2jicjc; 5 ‘
[V (1| = j;:jzjz—;;+<1—mcﬂcn ‘C(K)JZO'C" VO<i<K.

In addition, by using Gagliardo-Nirenberg inequality and supp &, € B(0, 2),

Nl
z
NS}

IN(£)ll ks < Cleullfpges < €
=0

which concludes (4.5.22). To verify (4.5.23), it is a direct result of (4.5.5) that there
exists a constant C = C(K, Q) > 0 such that

K
< C(K,Q)Zlcjl, VO<i<K.
j=0

‘[Lgu]i

Additionally, recall (4.3.1), Lemma 4.3.2 and supp &, C B(0,2), similar to the
argument in (4.4.26) and (4.4.27), by using Gagliardo-Nirenberg inequality, there
exists a constant C = C(K, Q) > 0 such that

||‘£8”||H2K+4 < H —(eu+By-Veg,) +Vg, - VA_IQ +2(1 — u)Qsy

+||VA e, - VOl ok

H2K+4 (3(072))

< CllQlersslienll s < € D lejl.
j=0

This completes the proof of (4.5.23). O
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4.53.2 L2 estimate of ;.

This section is to improve the L2 (R?) estimate of £; under the bootstrap assumptions

of Proposition 4.5.2. And the main result is as follows:

Lemma 4.5.7 (L%V estimate of &;). Under the assumptions of Proposition 4.5.2,
there exists a constant C = C(Q, A, B, 8¢) > 0 such that

K
d - *
Tllesly < =dellesly + C{ AP wdlpy+ 3 lesP | Vrelo ],

J=jo+l1

(4.5.24)

In particular, the bootstrap assumption (4.5.15) can be improved to

1 5
HSS(T)”L%V < Edle_TgT, VT1e [O,T*].

The proof of Lemma 4.5.7 is lengthy; thus, we separate the L2 estimate of the

modulation term G [, ¥, g, ] defined in (4.5.7). The estimate is as follows:

Lemma 4.5.8 (Estimate on modulation term G|[A,¥Y, g,]). Under the bootstrap
assumption of Proposition 4.5.2, as for G[A, ¥, €,] defined in (4.5.7), there exists a
uniform constant C = C(Q, A, B) > 0 such that

K
IG[A, ¥, &4l 2 < CA>* + CZ lcj]. (4.5.25)
=0

Proof of Lemma 4.5.8. Recall (4.5.10), G[1, P, &,] = O(r*!*?) at the origin, then
by applying Taylor expansion with the form of integral residue at the origin onto
G4, Y, ¢g,],

) 1
IGIA Y, eulll2 (1) < C/ G4, ] P dy
wibl< i<t Iyl

2
< C”DZKG[/L ¥, 8”]||L°° < C|G[Aa, Y, 5u]||12qzl<+2~
For the case with |y| > 1,

IGI4, Y, &2 cl|Gla. ¥, &, CIIG[A, P, &, ]|l o2

(yz)) = (ylzD) =
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Consequently, together with the definition of G[1, ¥, ¢,] in (4.5.10), Lemma 4.5.5,
(4.5.21), and Lemma 4.5.6, this concludes that

”G[/l’ ‘P’ Su] ”L%t < C”G[ﬂa lPa 8u] ||H2K+2

K
< CATPLIAQ + &y |l goxse + ||Ags || proxse + Z [[AQ +&,] | + [Aes]k
j=0

K K
+ Cll Leullgprn + Y |[Leul i + CIN(E) gz + € D |IN(2)];]

J=0 Jj=0
K K

< CA27*P (1 + ||&s |l goxces) + C Z|c,| +1e;?] < CAZ—4ﬂ+cZ|c,|.
Jj=0 j=0

for some uniform constant C > 0, and thus we have concluded the proof. m]
Next, we are devoted to the proof of Lemma 4.5.7.

Proof of Lemma 4.5.7. Recall that g solves the equation (4.5.6),

1 d
soellesls = (Geesen)p = I+ 11+ 11T +1V,

with

1:=(Leg,e5)p2, 1= (Vsu VA ey + Ve, - VA g, +2(1 - ,u)suss,gs)L2 ,

I = (N(&),&5)2, 1V :=(G[A4Y, eul, &) 2 -

Step 1. Estimate of the small linear term I1. The small linear term /1 can be written
as Il := 11} + 11, + 113 with

11, := (Vau . VA'lss,Es)L2 , I := (Vas . VA'lgu,Ss)Lz , 113 :=(2(1 —,u)e,,es,ss)La_ )

First of all, repeating (4.4.17), together with the fact that supp &, C B(0,2), there
exists C = C(A) > 0 such that /7, can be controlled by

1
11, < -3 2 <CIvV o 2
1 < C|||y| (9r8u||L2||8s||sz < C||VeullL IISSIILa

For I1,, direct computation shows
1
1, = / (Vas . VA_lsu) eswdy = 3 / st . VA_leuwdy

1 1
= —E/S?SMWdy— §/s§m—lsu-vwdy < C||su||Lm||as||i%v, (4.5.26)
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where the last inequality holds by Cauchy-Schwarz inequality together with the

pointwise estimate

1 r
VA e, - Vw| :'(F—Z/O su(s)szdS) (0rw) | < C(A)leullL=w.

For 113, it can be directly controlled by

15 < | 21 - e, 20 | < 200 wliedls e,

In sum, the small linear term /7 can be estimated by

2
1T < Cllaullwrelleslls -
w

Step 2. Estimate of the nonlinear term I11. We begin by performing integration
by parts and using a similar argument in (4.5.26), it then follows that there exists
C = C(A) > 0 such that

11 = Ve, - VA e, (1= el ) < Clieglislal2,

L3,
Step 3. Summary of the estimates. Combining all of the estimates above, (4.4.10),
(4.5.11),(4.5.13) and (4.5.25), and applying Young’s inequality, we obtain that there

exists a constant C = C(Q, A, B, 6,) > 0 such that

K

1d 2 1 2 2 2-4,

alells < —gllesdly, +C Uleallwis +lleslls) llesl; +C |2 /3+Zé|c,~| lesllz,
]:

IA

5 K
g 2 4-8 E 2
_2 ||3s||Lgv+C A 'B+ |Cj| s
/=0

which concludes (4.5.24). Hence, recalling the bootstrap assumptions (4.5.15),
(4.5.16), (4.5.17) and (4.5.18), and by Gronwall’s inequality,

- K
les(@I2, < e ey (O], +C / I () 4 () + Y les(s) | ds
W 0

L%v = real L
J=Jjot+l

K
.
Se“ngHgs(O)lli2 +C/ e 079 /lg_gﬁe_(z_4ﬁ)s+ 6§+ Z 5? e~395 | ds
w O . .
J=Jjo+1

K
<lop+clag+ie > |, Vre(0.7], (4.5.27)
J=jo+l
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for some constant C = C(Q, A, B, 6,) > 0 independent on each ¢;. Ttogether with
(4.5.13) and (4.5.14), this yields that

1
les(llz < 501e72%7, Vrefo,r],

hence we have concluded the proof. O

4.5.3.3 H*K+* estimate of &,.

This section is to improve the H>X*4(R?) estimate of &, under the bootstrap assump-

tions of Proposition 4.5.2. The main result is as follows:

Lemma 4.5.9 (H>!** estimate of &,). Under the assumptions of Proposition 4.5.2,
there exists a constant C = C(Q, A, B,g) > 0 such that the following inequality
hold uniformly in T € [0, 7*]:
d 1 X
E”gs”,zqy(w < _Ellgs”,%‘{y(w + C”gs”iz +C ”85”221“4 + A7 4 Z |cj|2 .
=0
(4.5.28)

In particular, the bootstrap assumption (4.5.16) can be improved to
Lo :
lles () || gaxsa < 5526 27, Vr1el0,17].

Proof. Recall that g solves the equation (4.5.6),

1d, .,
s lEl e = T+ L+ 11141V,

with
I = (AK+2£8S,AK+285) ,

L2
Il = (AK+2 (Vsu VA g, + Ve, - VA g, +2(1 — y)suss) ,AK+235) :

L2
111 = (AK+2N(SS), AK+235)L2 oIV = (AK+2G[/1, Ve, AK%S)U .

Estimate of small linear term 11. For the small linear term [/, since &, € C5 (R?)

with support in B(0,2), together with integration by parts, Sobolev inequality,

Gagliardo-Nirenberg inequality and (4.3.1), there exists uniform constant C =
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C(K, i) > 0 such that

1< (A% Ve, - VA6, ) 4K, 4 (A5 (Ve - VAT o0+ 2(1 = wee, ), A5,

L2
2K+4
< (VAKe, - VAT 5, A% 25 ) 4 C Y IV |V A ey e
L =
2K+4
2K -1 2K+5—j j+1 A —1
+ VP8, | 2 VAT &4l o802 + € D IV gy |l [V A 612
j=1
2
< Clleullprsslies s (4.5.29)

Estimate of nonlinear term I11. For 111, by integration by parts, there exists a uni-
form constant C = C(K, u) > 0 such that

e (AK+2 (Vas , VA—lgs) ,AK+28S)L2 +(1=p) (AK+2(83)’AK+28S)

L2
2K+4
< C (llesllem + 19207 8yl lley 2okt + € 3 lsllgoks s sl gowes
Jj=2
2K+3
+C Y Nellgarrsi 1€l g sl g
j=1
3
< Clles|l ks (4.5.30)

Estimate of the modulation term 1V . For the modulation term IV, recalling (4.5.10),
(4.5.21), (4.5.22) and (4.5.23), there exists a uniform constant C > 0 such that

K
2-4
e ﬂ+CZ|cj|,

HG [, Y, e,] — /lz_4ﬁA8S K
=0

which, by the non-negativity of A (see (4.4.5)), yields that

v = (AK+2G[/1, W], AK%S)L2

= 124 (AK+2A85, AK+285)L2 + (AK+2 (G[/l, Y. e, - /12_4ﬁAss) , AK+28S)L2

= 2B VAR |0 + (AK+2 (G[/l, Ve, - /12‘4ﬁAss) ,AK+255)L2

K
<C 12—4ﬁ+z e | llesl goses. (4.5.31)
=0
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Conclusion of the estimates. Noting that / has been handled in Proposition 4.4.3,
combining (4.4.21), (4.5.30), (4.5.29) and (4.5.31) concludes that

d1 2 1 2 2
Ei”gs”[_‘lzkm < _§||85||H2K+4 + Cllgs”Lz

K
2 2-4
+C | lleslanes + 27+ 3" fes| el s,
Jj=0

which, together with Young’s inequality, yields (4.5.28). Hence, recalling the boot-
strap assumptions (4.5.15), (4.5.16), (4.5.17) and (4.5.18), by Gronwall’s inequality,

2
||8S(T)||H2K+4

K T
< Nles(O) e 7+ C |62+ 63+ 63455+ ) 52 / oo (5) b5
0

j=0
K

<C|a2+82+6t+65+05, P+ Z §|e%", Vrelor]. (4.5.32)
J=0

Combining the assumptions on the coefficients (4.5.11) and (4.5.13), this yields that
1 —1s,7 *
lles(T) || gaxsa < 5526 2087, Y1el0T1],

and hence we have concluded the result. O

4.5.3.4 Estimate of &, ...

This section is dedicated to improving the bootstrap assumption (4.5.18) under the

bootstrap assumptions of Proposition 4.5.2. The main result is stated as follows:

Lemma 4.5.10 (Estimate of &, rqke). Under the assumptions of Proposition 4.5.2,
forany jo+1 < j < K, there exists a constant C = C(u, K, jo, 8) > 0 such that

iy .

d 1 {

Ec? < —j—oc§ +CA B4 C Z lci2+C Z lcill*, Yrelo,7]. (4533)
i=0 i=0

In particular, the bootstrap assumption (4.5.18) can be improved to

1 76
lc;(7)] < Eéje_l_OgT, Vrelo,r]. (4.5.34)

Proof. Recalling (4.5.9), c; solves the ODE

. . j-1
/0 JCj +/12_4’6[A‘P]j +Zo-i’jci + [N(Su)]j, for any Jo<j< K.

Jo i=0

cj=
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Then by Young’s inequality, (4.5.20) and (4.5.22), there exists C = C(K, jo, u) > 0
such that

. j-1

: Jo—J -
i=0

1d
2drt
j-1

Jo—J -
= ]—063 +/l2 4’8[A\P]j6j + ZO’Z'JC,'C]' + [N(su)]jcj
i=0

—1 K
1, 8—4 < 2 4
<——ct+CA ﬁ+c§ |ci] +C§ leil*.
Zjo i=0 l i=0 l

By Gronwall’s inequality, (4.5.11) (4.5.13), (4.5.14), and bootstrap assumption
(4.5.17) and (4.5.18), there exists a constant C = C(K, jo, ) > 0 such that

_ 1 T 1 j—l
C?(T) <e f07€5(0)+C/ PRI [/13—8,36—(2—4ﬁ)s+ 5§+ Z 51.2 o308

0 i=jo+1

K
_u
+| 63+ Z 5t |e7 5% | ds

i=j0+1

K
AP 4-8p 2 2 4 4l —1s
< GO +C[aTF wsi+ Y GFHote D 6|5

Jo+l<i<j-1 i=jo+1
j_l 1
— 7 7
<c|a2+ag P isde Z 52 |e5%" < Z(sﬁe—ﬁ%i V1el0,1],
i=j()+l
(4.5.35)
which concludes the proof. O

4.5.4 Control of real unstable part.

Proof of Proposition 4.5.2.

Improvement of the bootstrap assumptions. Arguing by contradiction, suppose that

there exists an initial triple (Ao, &, fake(0), £5(0)) satisfying (4.5.14) such that for
any &y, fake(0) With d,eq1(0) < 63, the exit time 7" defined in (4.5.19) is always
finite. Then, by Lemma 4.5.7, Lemma 4.5.9 and Lemma 4.5.10, combining with the
continuity of the solution to system (4.4.4) with respect to 7, there exists 0 < €+ < 1
such that (4.5.15), (4.5.16) and (4.5.18) hold for all T € [0, T* + €+].
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Outer-going flux property. In light of the preceding argument, the only possible

mechanism by which the solution exits the bootstrap regime is the failure of the
bootstrap assumption for the real unstable component €, .4, specifically when this
assumption ceases to hold on [0, 7] for some 7 > 7*. Moreover, by the local
well-posedness of the system (KS-D), it follows that the mapping 7 > dyeq(7) is
continuous. If we define the set

Jo 1
; - 1 7
— 1Jo Jotl . 2 2 2 —150gT
B(7) := {{cj}j=0 e R/ > E ¢+ 52 c0 + 4|0'0j0|cj° < 03e 10°% }’
8 s

then by the contradiction assumption, the following holds

{cj(}2, € B(r), Vrelor],
{e(D), € 9B(r), T=1",

Recalling the modulation ODE system satisfied by the coefficients {c; }5020 as given
in (4.5.9), and invoking Young’s inequality in conjunction with Lemma 4.5.5 and
Lemma 4.5.6, there exists a constant C = C(Jg, |00,j,|, K, jo) > 0 independent of
{6;}, such that the quantity d,.,; defined in (4.5.12) satisfies
jo—1
d » R 20 1
(1) = CiCi+—colo+ =——Cj,Cj
real J; J=J (% 2|0-0,j()| Jo*™Jo
1 A 20 1
Z § co +5coc, + AT o [AY] + —ColA¥]o + e
=1 j=1 8

| Cjo [Alp] Jo
0,Jjo

20 !
+ Z [N(ew)]jcj+ gCO[N(‘S“)]O 2o,

2 6 5 K )
]] - 160Cj0 -C E |[N(<9u)]j|
Jj=0

_ | 00,j | K
> —Ca* - 40 : d}%eal Cdjeal c Z |Cj|4.

J=jo+l

ST Cio [N (€]

j=0

Consequently, under the contradiction assumption that T dyeq(T7) = 03, and
in light of bootstrap assumptions (4.5.14), (4.5.17), and (4.5.18), together with
coeflicient restrictions (4.5.11) and (4.5.13), we deduce the outer-going flux property
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on dB(1¥):

(e, )

d

7. 1 150 d
(55 e56 ngeal(T) +es _dzeal(T)) .

T=T%

> 5,0 307" g2 (T*)_Cﬁ4—8ﬁe§(sgr -(2-4B)7" _ 5 <1700l 0307 42

real 0 40 real (T*)

|

K
7 %
— Ce30sT a’fwl(‘r*) -C Z R |Cj(7'*)|4
J=jotl
5 | 0]0|

>
40

5463 —CAg ¥ ~

(S RN

-cst-C Z 54> 6,62>0. (4536
Jj=Jjo+1

Brouwer’s topological argument. Firstly, for any 6 > 0, we define the following

convex subset on R/0*!:

. . 1]0 1 10 1
Breal(()’ 6) = {Cf}j‘():o € RJO-H “al” Z 2+ —=c2+ )
8

By the local well-posedness theory for (KS-D) and contradiction assumption (4.5.19),
we establish the continuity of the map &, ,¢41(0) = €yrear(T*(urear(0))), where
7*(&u,rear(0)) denotes the exit time associated with (Ao, £y rear (0), €4, fake (0), £5(0))
satisfying the initial condition (4.5.14). Accordingly, we define a mapping ® :
m — 08,.4:(0, 1) as follows:

{di}2) € Brear(0, 1) = {c; 0V} = {63} € Byipni (0, 63)
0

= 8u,real(o’ Y) - CJ (O)X(y)|y|21
J

~.

T}
S o

= 8u,real(T*a y) = cj(T*)X(y)|y|2j
J

i o Jo
= (N = e ()] € 9B (0.1),

- L

whose continuity is ensured by the local well-posedness of (KS-D). In particular,
when {d; }j:()zo € 08,.41(0, 1), by the outer-going flux property of the flow as indi-
catedin (4.5.36), T = O is exactly the exit time, and it leads to @ = Id on the boundary
08B,0q1(0,1). However, with the continuity of ® on the nonempty compact convex
set m we conclude that —® has a fixed point on the boundary 08;.,;(0, 1),
which contradicts to the assertion that @ = Id on the boundary. Consequently, the

proof of Proposition 4.5.2 has been completed. O
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4.5.5 Existence of finite blowup solution to (KS-D) with finite mass.

This section is devoted to the study of the existence of the finite-time blowup solution

to (KS-D) for any fixed 0 < u < % and concludes the chapter.

Proof of Theorem 4.1.1. Firstly, for any fixed u € [0, %), we choose Q constructed
in Lemma 4.3.2 and fix the weight w as specified in Proposition 4.4.1. Then as
indicated in Proposition 4.5.2, there exist 6, < 1 and {0;} satisfying (4.5.11) and
(4.5.13), such that the result shown in Proposition 4.5.2 holds.

Construction of nonnegative initial data with finite mass. Firstly, since Q € H>X*+4

as guaranteed by Lemma 4.3.2, we can choose 19 < ¢¢ sufficiently small and

R, > 1 sufficiently large such that the following estimates hold:

1Cxry = DOl2, + 1 (g, — DOl gaxss < 6o, (4.5.37)

where yg, is a cut-off function on B(0, R») defined by (4.1.18). It then follows that
there exists {c;(0) }5":0 such that Proposition 4.5.2 holds with the initial datum

Jo
(/10, 85(05 y), 8u,real(0’ y), 8u,fake(0’ y)) = /10, ()(Rz - l)Q, Z C](O))((y)lylz], 0f.
j=0
(4.5.38)

In other words, there exists &, .4;(0, y) such that the solution to (4.4.4) with initial
data

Jo
Wo = 0 +£5(0) + &urear (0) + 0 ake (0) = ¥, Q0 + >~ e, (Ox (0¥ € CF(RY),
j=0

globally exists in 7 and satisfies (4.5.15)-(4.5.18) on [0, +c0), and the corresponding
solution W(7) can be decomposed into ¥(7) = Q + (1) with
lle(D)lg2xs < |lew(T)l gorss + llog(T) || axes
K
<Cl61+62+63+ Z §; e Y1 >0,
J=jo+1

for some universal C > 0. In addition, in view of the fact that Q is radially

decreasing, together with the condition (4.5.13), we obtain that

Wo(y) 2 0(2) - C = le;(0)] = 30(2) > 0, Yyl <2,

Wo(y) = xr,(»)Q(y) 20, Viyl =22,
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which yields the non-negativity of ¥y. Now, returning to the original equation
(KS-D), and recalling (4.4.2), (4.4.3) and (4.4.5), the nonnegativity of initial density
Po can be guaranteed:

1

-y
po(x) z o

X 00
/lTﬁ) (S CO (R3)
0

Finite time blowup. Recalling (4.4.2), we know that

dl  didr A1 1
at_dtar _ A1 _ 1 WithA(0) = A
di drdr . 22w M (0) = 4.

which implies that A(z) blows up at T = /l% and A(7) is given by
Ay =NT -1 = .//lg—t, Vitel0,T).

Consequently, the solution to (KS-D) with initial data pq is of form

() = 5 @) 1 ).

with
g
le(D)| poxws < €0(T —1)7,

for some 0 < ¢¢ <« 1. Consequently, we have concluded the proof of Theorem
4.1.1.
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Chapter 5

KOLMOGOROV-ARNOLD NETWORK

In this chapter, we present Kolmogorov-Arnold Network (KAN), a novel deep learn-
ing architecture inspired by the Kolmogorov-Arnold representation theorem, mostly
based on our works [293, , ]. Partially motivated by the need for symbolic
computation of singularities, KANs offer a powerful tool for science, especially
when interpretability is desired. Compared to prevalent Multi-Layer Perceptrons
(MLPs) with fixed activation functions on nodes (“neurons’), KANs have learnable
activation functions on edges (“weights”). KANs learn interpretable 1D functions
on their edges whose connection graph is also simple enough to be explained.
Through examples in mathematics, KANs are shown to be useful “collaborators”
helping scientists (re)discover mathematical and physical laws. Moreover, KANs
are shown to be more accurate and have faster scaling laws than MLPs in function

fitting and PDE solving, both theoretically and empirically.

Model | Multi-Layer Perceptron (MLP) | Kolmogorov-Arnold Network (KAN)

Theorem

Universal Approximation Theorem

Kolmogorov-Arnold Representation Theorem

Formula

N(e)

fx) = Z ao(W;- X+ b))

2n+1

fo = @,,[ %(xp)]
9= p=1

(Shallow)
i=1 1
(a) fixed activation functions (b) /T\ learnable activation functions
on nodes N U 9O 0 N on edges
Model /
(Shallow) VAVAVAVAEY/ )%\—” sum operation on nodes
learnable weights NNV VAN NMW L
on edges \‘/ \V
F 1
omula | MLP(X) = (W 2 00 Wy 010 W) KANG) = (@32 @, )(x)

Model
(Deep)

MLP(x)
nonlinear,
fixed
linear,
learnable

Figure 5.1: Multi-Layer Perceptrons (MLPs) vs. Kolmogorov-Arnold Networks

(KANs)
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5.1 Introduction

Multi-layer perceptrons (MLPs) [190, , ], also known as fully-connected
feedforward neural networks, are foundational building blocks of today’s deep learn-
ing models. The importance of MLPs can never be overstated, since they are the
default models in machine learning for approximating nonlinear functions, due to
their expressive power guaranteed by the universal approximation theorem [206].
However, MLPs often lack interpretability, which makes them less useful for tasks
when interpretability is key, e.g., when we want to extract symbolic formulas from
datasets. In science, symbolic functions are prevalent, e.g., E = mc? (energy-mass
relation), r = 1. (ellipse), p = e T /Z (Boltzman distribution). Although

MLPs can numerically approximate these functions to a reasonable accuracy, they

cannot reveal symbolic structures of these equations.

Therefore, we need a representation theorem that is more aligned with symbolic
representations than the universal approximation theorem. In our search, the good
old Kolmogorov-Arnold representation theorem (KA theorem) came to our atten-
tion. Although the KA theorem has long been considered irrelevant for learn-
ing [172] because the theorem does not guarantee smoothness, we are more op-
timistic about the smoothness of deeper representations. For example, as we will
show, f(x1,x2,x3,x4) = exp(sin(x% +x§) +sin(x§ +x§)) can be smoothly represented
by a three-layer network, but a two-layer network that attempts to fit this function

leads to pathological representations.

Unsurprisingly, the possibility of using Kolmogorov-Arnold representation theorem
to build neural networks has been studied [422, , , , , , ]. How-
ever, most work has stuck with the original depth-2 width-(2n + 1) representation,
and many did not have the chance to leverage more modern techniques (e.g., back
propagation) to train the networks. Our contribution lies in generalizing the origi-
nal Kolmogorov-Arnold representation to arbitrary widths and depths, revitalizing
and contextualizing it in today’s deep learning world, as well as using empirical
experiments to highlight its potential for Al + Science due to its accuracy and

interpretability.

Named after the two great mathematicians, Andrey Kolmogorov and Vladimir
Arnold, this new type of network is called the Kolmogorov-Arnold Network (KAN).
Like MLPs, KANs have fully-connected structures. However, while MLPs place
fixed activation functions on nodes (“neurons”), KANs place learnable activation

functions on edges (“weights”), as illustrated in Figure 5.1. Each learnable weight
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parameter in an MLP is replaced by a learnable 1D function (parametrized as a
spline) in a KAN. KANSs’ nodes simply sum incoming signals without applying any

non-linearities.

Although interpretability is our initial motivation to develop KANs, KANs demon-
strate impressive accuracy and fast scaling laws as well, both theoretically and
empirically. Despite their elegant mathematical interpretation, KANs are nothing
more than combinations of splines and MLPs, leveraging their respective strengths
and avoiding their respective weaknesses. Splines are accurate for low-dimensional
functions but suffer from the curse of dimensionality (COD) problem. MLPs, On
the other hand, suffer less from COD thanks to their ability to learn features and
compositional structure, but are less accurate than splines in low dimensions. KANs
have MLPs on the outside and splines on the inside, combining the best of two things

into one.

The chapter is organized as follows: is organized as follows: In Section 5.2, we
introduce the KAN architecture, analyze the network’s approximation ability, and
propose two training techniques to make KANSs interpretable and accurate. In
Section 5.3, we show that KANs are interpretable and can be used for scientific
discoveries. We use a knot theory example from mathematics to demonstrate that
KANSs can be helpful “collaborators” for scientists. In Section 5.4, we show that
KANs are more accurate than MLPs for data fitting and PDE solving with better
scaling laws. We discuss the superiority of KANs learning high-frequency functions
in Section 5.5. We discuss related works, follow-up works inspired by our work,

and draw conclusions in Section 5.6.

5.2 Kolmogorov-Arnold Networks (KAN)

Multi-Layer Perceptrons (MLPs) are inspired by the universal approximation theo-
rem. We instead focus on the Kolmogorov-Arnold representation theorem, which
can be realized by a new type of neural network called Kolmogorov-Arnold net-
works (KAN). We review the Kolmogorov-Arnold theorem in Section 5.2.1, to
inspire the design of Kolmogorov-Arnold Networks in Section 5.2.2. Section 5.2.3
provides mathematical description of KANs’ expressive power. Section 5.2.5 and

Section 5.2.4 propose techniques to make KANs accurate and interpretable.

5.2.1 Kolmogorov-Arnold representation theorem
Vladimir Arnold and Andrey Kolmogorov established that if f is a multivariate con-

tinuous function on a bounded domain, then f can be written as a finite composition
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of continuous functions of a single variable and the binary operation of addition.

More specifically, for a smooth f : [0,1]" — R,

2n+1 n

FO) = x) = D @ > dgp(x) |, (5.2.1)
q=1 p=1

where ¢, , : [0,1] - R and &, : R — R. In a sense, they showed that the
only true multivariate function is addition, since every other function can be written
using univariate functions and sum. One might naively consider this great news
for machine learning: learning a high-dimensional function boils down to learning
a polynomial number of 1D functions. However, these 1D functions can be non-
smooth and even fractal, so they may not be learnable in practice [375]. Because
of this pathological behavior, the Kolmogorov-Arnold representation theorem was

regarded as theoretically sound but practically useless [375].

However, we are more optimistic about the usefulness of the Kolmogorov-Arnold
theorem for machine learning. First of all, we need not stick to the original Eq. (5.2.1)
which has only two-layer non-linearities and a small number of terms (2n + 1) in the
hidden layer: we will generalize the network to arbitrary widths and depths. Deeper
and wider networks potentially have stronger expressive power with smooth func-
tions. Moreover, most functions in science and daily life are often smooth and have
sparse compositional structures [282], potentially facilitating smooth Kolmogorov-

Arnold representations.

5.2.2 KAN architecture

Suppose we have a supervised learning task consisting of input-output pairs {x;, y;},
where we want to find f such that y; =~ f(x;) for all data points. Eq. (5.2.1) implies
that we are done if we can find appropriate univariate functions ¢, , and ®,. This
inspires us to design a neural network which explicitly parametrizes Eq. (5.2.1).
Since all functions to be learned are univariate functions, we can parametrize each
1D function as a B-spline curve, with learnable coefficients of local B-spline basis
functions '. Now we have a prototype of KAN, whose computation graph is exactly
specified by Eq. (5.2.1) and illustrated in Figure 5.1 (b) (with the input dimension
n = 2), appearing as a two-layer neural network with activation functions placed on
edges instead of nodes (simple summation is performed on nodes), and with width

2n + 1 in the middle layer.

!Details in Appendix 5.7.1 and illustrated in Figure 5.13 right.
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As mentioned, such a network is known to be too simple to approximate any function
arbitrarily well in practice with smooth splines! We therefore generalize our KAN
to be wider and deeper. The key insight comes from the analogy between MLPs
and KANs. In MLPs, once we define a layer (which is composed of a linear
transformation and nonlinearties), we can stack more layers to make the network
deeper. To build deep KANs, we should first answer: “what is a KAN layer?” It
turns out that a KAN layer with n;j,-dimensional inputs and n,,-dimensional outputs

can be defined as a matrix of 1D functions

D ={d,,}, p=12,,Rin, g=1,2-, nous (5.2.2)

where the functions ¢, , have trainable parameters (parameterized as B-splines, see
Appendix 5.7.1), as detaild below. In the Kolmogov-Arnold theorem, the inner
functions form a KAN layer with nj, = n and n o = 2n + 1, and the outer functions
form a KAN layer with nj, = 2n + 1 and ngy = 1. So the Kolmogorov-Arnold
representations in Eq. (5.2.1) are simply compositions of two KAN layers. Now it
becomes clear what it means to have deeper Kolmogorov-Arnold representations:
simply stack more KAN layers!

The shape of a general KAN is represented by an integer array
[no.n1, -+, nLl, (5.2.3)

where #; is the number of nodes in the i layer of the computational graph. We

denote the i™ neuron in the /™

layer by (/,i), and the activation value of the (/,7)-
neuron by x; ;. Between layer / and layer [ + 1, there are n;n;.; activation functions:

the activation function that connects (/, ) and (/ + 1, j) is denoted by
¢l,j,i’ l:0,"',L_1, izla"'anl’ j:17"'9n1+1' (524)

The pre-activation of ¢, ;; is simply x;;; the post-activation of ¢; ;; is denoted by
%17, = ¢1,7,i(x1;). The activation value of the (/ + 1, j) neuron is simply the sum of
all incoming post-activations:

n

ny
Xi41,j = Zfz,j,i = Z &1, (x1), J=1 nuy. (5.2.5)
P

i=1
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In matrix form, this reads

$101C)  dra20) o raia ()

¢1,2,'1(') ¢1,2,.2(') ‘751’2{”(') X/, (5.2.6)

X/+1 =

¢l,nl+1,1(’) ¢l,nl+1,2(') T ¢l,nl+1,l’ll(')

D,

where ®; is the function matrix corresponding to the /'™ KAN layer. A general KAN
network is a composition of L layers: given an input vector xo € R, the output of
KAN is

KAN(X) = (®;_jo®;_50--- 0D o Dy)X. (5.2.7

We can also rewrite the above equation to make it more analogous to Eq. (5.2.1),

assuming output dimension n;, = 1, and define f(x) = KAN(x):

f(X) _ LZ_I PL—1.,.0, ( LZ_Z ce (22 $2.i.0 (Zl D1iriy Zo ¢0,i1,i0(xi0)))) o ) ’
i=1

ir-1=1 iro=1 =1 ip=1
(5.2.8)

which is quite cumbersome. In contrast, our abstraction of KAN layers and their

visualizations are cleaner and intuitive. The original Kolmogorov-Arnold represen-
tation Eq. (5.2.1) corresponds to a 2-Layer KAN with shape [n, 2n+1, 1]. Notice that
all the operations are differentiable, so we can train KANs with back propagation.
For comparison, an MLP can be written as interleaving of affine transformations W

and non-linearities o-:
MLP(x) = (W o0 oW 00 0---0 W00 o Wpx. (5.2.9)

It is clear that MLPs treat linear transformations and nonlinearities separately as
W and o, while KANs treat them all together in ®. In Figure 5.1 (c) and (d),
we visualize a three-layer MLP and a three-layer KAN, to clarify their differences.
We use k-th order B-splines to parameterize the nonlinearities, and implementation
details of KANSs are left in Appendix 5.7.1.

Remark: Complexities. Assuming a KAN with depth L, width N, grid size
G, spline order k. The model has O(N>GL) parameters. Suppose a training
batch has size B, memory usage is O(2XBN?GL), the number of operations is
O(2KBN?GL) both for forward and backward runs. The 2* factor is due to the

recursive computation of order k splines.
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5.2.3 KAN’s approximation abilities and scaling laws

Recall that in Eq. (5.2.1), the 2-Layer width-(2n + 1) representation may be non-
smooth. However, deeper representations may bring the advantages of smoother
activations. To facilitate an approximation analysis, we still assume smoothness
of activations, but allow the representations to be arbitrarily wide and deep, as in
Eq. (5.2.7). To emphasize the dependence of our KAN on the finite set of grid
points, we use (I)IG and d)fi’j below to replace the notation ®; and ®,; ; used in
Eq. (5.2.5) and (5.2.6).

Theorem 5.2.1 (Approximation theory, KAN). Let x = (x1,X2,--- ,X,). Suppose

that a function f(X) admits a representation
f=(@r_1o®; 0 - 0@ 0o®)x, (5.2.10)

as in Eq. (5.2.7), where each one of the ®;; ; are (k + 1)-times continuously dif-
ferentiable. Then there exists a constant C depending on f and its representation,
such that we have the following approximation bound in terms of the grid size G:
there exist k-th order B-spline functions @fl.’j such that for any 0 < m < k, we have
the bound

If = (®Y_ 0@ o 0 ®F 0 ®F)x||cn < CGTF1H, (5.2.11)

Here we adopt the notation of C™-norm measuring the magnitude of derivatives up
to order m:

lgllcm = max  sup [DPg(x)].

|Blsm xe[0,1]?

We leave the proof and an in-depth discussion on the implications of the theorem in
Subsection 5.7.2. Asymptotically, provided that the assumption in Theorem 5.2.1
holds, KANs with finite grid size can approximate the function well with a residue
rate independent of the dimension. This comes naturally since we only use splines
to approximate 1D functions. In particular, for m = 0, we recover the accuracy in
L norm, which in turn provides a bound of RMSE on the finite domain, which
gives a scaling exponent k + 1. Of course, the constant C is dependent on the
representation; hence it will depend on the dimension. Notice that if the assumption
in the theorem holds for a shallow KAN, it automatically holds for a deeper KAN by
setting the remaining layers to identity. We also remark that: since the assumption
in the theorem is a strong one, the neural scaling law should not be expected to be

universally applicable to all machine learning applications.
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KANs take advantage of the intrinsically low-dimensional compositional repre-
sentation of underlying functions. This result shares an analogy to the rate in
generalization error bounds of finite training samples, for a similar space studied
for regression problems; see [207, ], and also specifically for MLPs with ReLU
activations [402]. On the other hand, for general Sobolev or Besov spaces, sharp
approximation rates have been obtained for ReLU-MLPs (and more generally MLPs
with most piecewise polynomial activation functions) [464, 22, 412]. These rates ex-
hibit the curse of dimensionality, which is unavoidable due to the fact that Sobolev
and Besov spaces with fixed smoothness are very large in high dimensions. By
leveraging the representations of KANs using MLPs, we can provide a more general
version of approximation theory in a larger function class, establishing KANs as

universal approximators, as stated below.

We establish that MLPs can be represented using KANs of a comparable size.
Specifically, we show that any MLP with the ReLU* activation function can be
reparameterized as a KAN with a comparable number of parameters. This shows
that the approximation and representation capabilities of KANSs are at least as good
as MLPs.

Theorem 5.2.2. Let Q ¢ R? be a bounded domain. Suppose that a function
f : R?Y = R can be represented by an MLP with width W > 1, depth L > 1, and
activation function o = max(0,x)* for k > 1. Then there exists a KAN g with
width W, depth at most 2L, and grid size G = 2 with k-th order B-spline functions
such that

g(x) = f(x) (5.2.12)
forall x € Q.

As a corollary, we can draw conclusions about the approximation capabilities of
KANSs by leveraging existing results about MLPs (see for instance [21, , ,

,A14,204, 295,409, 465, 412, 463, 462]). For example, we have the following
result giving optimal approximation rates for very deep KANs on Sobolev spaces

(see for instance [3] for the background on Sobolev spaces).

Corollary 5.2.3. Let Q c RY be a bounded domain with smooth boundary, s > 0

and 1 < p,q < oo be such that 1/q — 1/p < s/d. This guarantees that the compact
Sobolev embedding W*(L,(L2)) CC L, (L) holds.

Let Wy := Wy(d) be a fixed width (depending upon the input dimension d). Then
forany f € W¥(L,()) and any L > 1, there exists a KAN g with width Wy, depth
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L, and grid size G = 2 with k-th order B-spline functions such that
If = gllz, @ < CL™/4, (5.2.13)

where C is a constant independent of L.

This result, which follows immediately from Theorem 5.2.2 and the approximation
rates for ReLLU (and more generally piecewise polynomial) neural networks derived
in [412], shows that very deep KANs attain an exceptionally good approximation rate
on Sobolev spaces. In particular, in terms of the number of parameters P they attain
an approximation rate of O(P~2/¢), while a classical (even non-linear) method of
approximation can only attain a rate of O(P~*/¢) [118]. This phenomenon, which
is often called superconvergence [ | 17], also occurs for very deep ReLU* networks.
However, it comes at the cost of parameters which are not encodable using a fixed

number of bits and thus is not practically realizable [466, ].

Now that the basic architecture of KANSs is in place, we propose a few techniques

to make KANSs accurate and interpretable.

5.2.4 Tricks for interpretability: pruning and symbolifying KANs

How do we choose the KAN shape? If we know that the dataset is generated via the
symbolic formula f(x, y) = exp(sin(mx) +y?), then we know thata [2, 1, 1] KAN is
able to express this function. However, in practice we do not know the shape a priori,
so it would be nice to have approaches to determine this shape automatically. The
idea is to start from a large enough KAN and train it with sparsity regularizations
followed by pruning. One may even symbolify activation functions into symbolic
functions like exp, sine, etc, to make KANs a useful tool for symbolic regression.
The idea is to match learned spline functions with candidates in a symbolic function
library specified by human users and replace the spline functions with the best-fitting

ones.

5.2.5 Tricks for accuracy: grid update and grid extension

Grid update Since input data and (especially) hidden activations can have time-
varying ranges in training, we update grids on the fly based on the statistics of
input/activation ranges. The grid is initialized to be in [-1,1] (e.g., when G =5, the
grid points are [-1,-0.6,-0.2, 0.2, 0.6, 1.0]), but once it receives input/activations, say,
in the range [-3,3] (the maximum and minimum values are 3 and -3, respectively),
the grid will be updated to [-3,3] (correspondingly, grid points become [-3,-1.8,-
0.6,0.6,1.8,3.0]) to accommodate the whole range.
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(a) 3-Layer KAN (b) 2-Layer KAN (c) loss

v ¥V Vv Vv
o 44

Figure 5.2: Fitting the function f(xy, x2,x3,x4) = exp(%(sin(ﬂ(x%+x%))+sin(7r(x§+
xi)))). (a) 3-Layer KAN admits smooth representations. (b) The 2-Layer KAN
learns highly oscillatory representations. (c) The 3-layer KAN achieves lower
losses and has a smaller train-test gap than the 2-layer KAN.

Grid extension A spline can be made arbitrarily accurate to a target function as the
grid can be made arbitrarily fine-grained. This good feature can be inherited by
KANs. By contrast, MLPs do not have the notion of “fine-graining”. For KANs,
one can first train a KAN with fewer parameters and then extend it to a KAN with
more parameters by simply making its spline grids finer, without the need to retrain
the larger model from scratch. The main idea of grid extension is: for each 1D
function defined on a coarse grid, we determine the coefficient of a finer grid using
least squares that minimize the difference between the two curves evaluated on data

samples. Details of how to perform grid extension are included in Figure 5.13.

5.2.6 Benefits of deep KANs

It is one of our major contributions to generalize the 2-layer KA representations to
multiple layers. Although it is challenging to prove the benefits of deeper KANs
theoretically, we want to present a concrete example where 3-layer KANs admit
smooth representations while 2-layer KANs do not. We consider fitting a function
f(x1,x2,X3,X4) = exp(%(sin(n(x% + x%)) + sin(n(x% + xi)))) where we draw sam-
ples (3000 training, 1000 training) uniformly from [—1, 1]*. We train a 3L KAN
([4,2,1,1]) and a 2L KAN ([4,9,1]) with the LBFGS optimizer for 250 steps, with
increasing G = 3,5, 10,20, 50 (50 steps for each G). As shown in Figure 5.2, we
see that the 3-layer KAN has smooth representations (as expected, since the parse
tree of the symbolic formula has depth 3), while the 2-layer KAN learns highly
oscillatory functions on some edges. The 3-layer KAN also achieves lower losses
than the 2-layer KAN. While the 3-layer KAN has a small train-test gap, the 2-layer
KAN starts to overfit at large grid sizes.
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(a) multiplication (b) division (c) deeper compositions
Xy xly exp(sin(x} + x3) + sin(x + x3))
¢ / I
[ ] L] [ ] [ ] ./& [ ] 0y o
RV ARV, i N /K K
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X y X y \- \ ¢ d
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Figure 5.3: KANSs are interpretable for simple symbolic tasks.

5.3 KANs Are Interpretable
In this section, we show that KANs can be interpretable on synthetic toy tasks and

realistic research questions in math and physics.

Synthetic toy datasets We first examine KANs’ ability to reveal the compositional
structures in symbolic formulas. Three examples are presented in Figure 5.3. KANs
are able to reveal the compositional structures present in these formulas, as well as
(1) Multiplication f(x,y) = xy. KAN
computes it via the equation 2xy = (x + y)? — (x> + y?). (2) Division of positive
(3) Deeper

learn the correct univariate functions.

numbers f(x,y) = x/y. KAN computes it via exp(logx — logy).
compositions f(xy,x2,X3,Xx4) = exp(sin(x% +x§) + sin(x% +xi)).

Application to Mathematics: Knot Theory Knot theory is a subject in low-
dimensional topology that sheds light on topological aspects of three-manifolds
and four-manifolds and has a variety of applications, including in biology and
topological quantum computing. In [110], supervised learning and human domain
experts were utilized to arrive at a new theorem relating algebraic and geometric
knot invariants. They use network attribution methods to find that the signature
o is mostly dependent on meridinal distance u (real u,, imag y;) and longitudinal
distance 4. We show that KANs can not only identify these important variables
with much smaller networks and much more automation, but also present some

interesting new results and insights.

We treat 17 knot invariants as inputs and signature as outputs. Similar to the setup
in [110], signatures (which are even numbers) are encoded as one-hot vectors and
networks are trained with cross-entropy loss. We find that an extremely small
[17,1, 14] KAN is able to achieve 81.6% test accuracy (while DeepMind’s 4-layer
width-300 MLP achieves 78% test accuracy). The [17,1,14] KAN (G =3, k = 3)
has ~ 200 parameters, while the MLP has ~ 3x 10° parameters. It is remarkable that
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Supervised learning Unsupervised learning
(a) 17 variables (test acc: 81.6%) (c) rediscover signature dependence (d) rediscover cusp_volume definition (e) rediscover an inequality

(b) 3 variables (test acc: 78.2%)

ST

|

Figure 5.4: Knot dataset. Supervised mode (left): we rediscover DeepMind’s three
important variables. Unsupervised mode (right): we discover three “new” relations
without supervision.

KANSs can be both more accurate and much more parameter efficient than MLPs
at the same time. In terms of interpretability, we scale the transparency of each
activation according to its magnitude, so it becomes immediately clear which input
variables are important without the need for feature attribution (see Figure 5.4 left
top): signature is mostly dependent on y,, and slightly dependent on y; and A, while
dependence on other variables is small. We then train a [3, 1, 14] KAN on the three

important variables, obtaining test accuracy 78.2% (Figure 5.4 left bottom).

We attempt to make discoveries beyond DeepMind’s in the unsupervised learning
mode, where we treat all 18 variables (including signature) as inputs. We train 200
networks with different random seeds. They can be grouped into three clusters, with
representative KANSs displayed in Figure 5.4. These three groups of dependent vari-
ables are (1) rediscovering DeepMind’s relation in unsupervised learning. (2) cusp
volume is by definition of the multiplication of two translations. (3) short geodesic
g, 1s upper bounded by two times of injecitivy radius [367]. It is interesting that
KANSs’ unsupervised mode can rediscover several known mathematical relations.
The good news is that the results discovered by KANs are probably reliable; the bad
news is that we have not discovered anything new yet. It is worth noting that we
have chosen a shallow KAN for simple visualization, but deeper KANs can probably
find more relations if they exist. We would like to investigate how to discover more

complicated relations with deeper KANs in future work.
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5.4 KANs Are Accurate

In this section, we demonstrate that KANs are more accurate at representing func-
tions than MLPs in various tasks (regression and PDE solving). When comparing
two families of models, it is fair to compare both their accuracy (loss) and their
complexity (number of parameters). All experiments reported in the work are re-

producible on CPUs, usually within minutes, at most in a day. Codes are built based
on PyTorch [363].

f(x) = Jo(20x) f(x, y) = exp(sin(nx) + y?)

test RMSE

100 100 100 100 10° 100 10f 100 10f 10° 10! 10 100 10° 100
Number of parameters Number of parameters Number of parameters

10° 10¢ 107 100
Number of parameters Number of parameters

Figure 5.5: Compare KANs to MLPs on five toy examples. KANs can almost
saturate the fastest scaling law predicted by our theory (a = 4), while MLPs scales
slowly and plateau quickly.

Toy datasets In Section 5.2.3, our theory suggested that test RMSE loss ¢ scales
as € o« N~ = N=4(k = 3) with model parameters N. However, this relies
on the existence of a smooth Kolmogorov-Arnold representation. As a sanity
check, we construct five examples we know have smooth KA representations: (1)
f(x) = Jp(20x), which is the Bessel function. Since it is a univariate function, it can
be represented by a spline, whichis a [1, 1] KAN. (2) f(x,y) = exp(sin(mx) + y?).
We know that it can be exactly represented by a [2, 1, 1] KAN. (3) f(x,y) = xy. We
know from Figure 5.3 that it can be exactly represented by a [2,2, 1] KAN. (4) A
high-dimensional example f(xj,--- ,x100) = exp(ﬁ l.lf? sinz(%)) which can be
represented by a [ 100, 1, 1] KAN. (5) A four-dimensional example f(x1,x2, x3,x4) =
exp(%(sin(n(x% +x§)) + sin(n(x§ +xi)))) which can be represented by a [4,4, 2, 1]
KAN. The empirical scaling for KANs is quite aligned with theory and outperforms
MLPs.

Fitting Images We task KANs with three images: (1) The Cameraman picture is
the standard picture for the image fitting task. (2) The turbulence profile is taken
from PDEBench [428], demonstrating high-frequency and fractal behavior typical in
scientific computing. (3) Van Gogh’s The Starry Night is quite challenging because
it contains fine-grained details as well. In addition to MLPs, We compare KANs
with these stronger baselines: (A) MLP with random Fourier features (MLP_RFF).
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SIREN 1 KANI MLP1 MLP_RFF 1 (s=3)
snr=49. =62.45 -

psnr=33.58

MLP_RFF 2 (s=3) MLP_RFF 2 (s=30)
psnr=42.57

psnr=46.43

Figure 5.6: Image fitting task (a PDE solution from PDEBench [428]). KAN
outperforms baseline methods in terms of PSNR.

Before feeding input coordinates x = (x,y) to the MLP, we first augment them
into a higher-dimensional feature space ®(x) = (X, @(x), -, Dy (X)), where
®;(x) = (cos(s; - x),sin(s; - x)),i = 1,--- , Ny, and s; ~ N(0, %) (s controls the
frequency bias). We choose Ny = 50 and s = 3,30. (B) SIREN [415] uses
sines as activation functions in MLPs and uses large initialization for the first layer
(effectively creating high-frequency features). To compare KANs and baselines as
fairly as possible, we try two control strategies (same shape or number of parameters)
and report both performance (measured by PSNR) and efficiency (wall time). For
all baseline models, 1 means their width is the same as KAN 1, while 2 means
their number of parameters is (approximately) the same as KAN 1 (VG times wider,
where G = 10 is the grid size used in KAN 1). We also explore KAN 2, which uses
a finer grid (G = 100 instead of G = 10) for the first layer only (inspired by the idea
of random Fourier features in the input layer). The whole image is treated as the
training set and there is no test set. All models are trained with the Adam Optimizer
for 15000 steps with learning rate decay (5000 steps for learning rate 1073, 10~ and
1073), with batch size 1024, on a V100 GPU.

We have a few observations from the results: (1) KANs are comparable to or even
outperform baseline methods (including SIREN) in terms of PSNR, however with
more training time. (2) Having random features in the inputs is useful for MLPs,
especially high-frequency random features (s = 30 outperforms s = 3). We may
also understand KANSs’ superior performance as being good at generating random
features in early layers. By changing the grid size in the first layer from G = 10 to
G = 100 (KAN 2), PSNR significantly increases with little additional overhead in

training time. We show the turbulence profile in Figure 5.6.
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Figure 5.7: The PDE example. We plot L2 squared and H1 squared losses between
the predicted solution and ground truth solution. Firstand second: training dynamics
of losses. Third and fourth: scaling laws of losses against the number of parameters.
KANs converge faster, achieve lower losses, and have steeper scaling laws than
MLPs.

Solving partial differential equations (PDEs We consider a Poisson equation with
zero Dirichlet boundary data. For Q = [—1, 1]?, consider the PDE Uxx+ityy = f with
zero boundary condition. We consider the data f = —72(1+4y?) sin(nx) sin(7y?) +
27 sin(7rx) cos(my?) for which u = sin(7rx) sin(my?) is the true solution. We use the
framework of physics-informed neural networks (PINNs) [382, ] to solve this
PDE, with the loss function given by loss,ge = aloss; +loss;, = a/nii Z;Zl ltyr (27) +
uyy(zi) = f(z)|* + % ' u*, where we use loss; to denote the interior loss, dis-
cretized and evaluated by a uniform sampling of n; points z; = (x;, y;) inside the
domain, and similarly we use loss; to denote the boundary loss, discretized and
evaluated by a uniform sampling of n, points on the boundary. @ = 0.01 is the
hyperparameter balancing the effect of the two terms. KANs are shown to have

Pareto frontiers than MLPs for this simple example.

5.5 KANs Have Less Spectral Bias

In this section, from the perspective of learning and optimization, we study the
spectral bias of KANs compared with MLPs. Standard MLPs with ReLLU activations
(or even tanh) are known to suffer from the spectral bias [38 1, , ], in the sense
that they will fit low-frequency components first. This is in contrast to traditional
iterative numerical methods like the Jacobi method that learn high frequencies first
[460]. Although the spectral bias acts as a regularizer that improves performance for
machine learning applications [381, , , , ], for scientific computing
applications, it may be necessary to learn high-frequencies as well. To alleviate
the spectral bias, high-frequency information has to be encoded using methods like
Fourier feature mapping [4 15, ,23, ], or one needs to use nonlinear activation

functions more similar to traditional methods; see for example, the hat activation
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function [205] which resembles a finite element basis. We demonstrate that KANs
are less biased toward low frequencies than MLPs. We highlight that the multi-
level learning feature specific to KANs, i.e. grid extension of splines, improves
the learning process for high-frequency components. Detailed comparisons with
different choices of depth, width, and grid sizes of KANs are made, shedding some
light on how to choose the hyperparameters in practice. We remark that although the
spectral bias is considered a form of regularization which is desirable for machine
learning tasks [381, , , , ], for scientific computing applications it is
typically important to capture all frequencies and so the spectral bias may negatively

affect the performance of neural networks for such applications [443, , 35, ].

5.5.1 Spectral bias theory for shallow KANs

We consider the spectral bias properties of KANs with a single layer. This theory
is very similar to the theory developed in [205, , ] for the spectral bias of
single hidden layer MLPs. The key observation is that a single layer KAN is a linear
model. In particular, we see that if L = 1 then the KAN applied to an input x € R?

is (for simplicity, we consider the case of a KAN without the SiLu non-linearity)
d G+k-1

KAN(X,G),-:Z Z ciiBi(x)), (5.5.1)

=1 I=1
where 6 = {c;;} are the parameters of the KAN. Here i = 1, ..., d" where d’ is the
dimension of the output, j = 1,...,d,and [ = 1,...,G + k — 1. Note that the only
parameter here is the grid size G, since the width is determined by the input and

output dimensions.

Based upon this, we can analyze least squares fitting with shallow KANs. In
particular, let Q = [—1, 1]¢ be the (symmetric) unit cube in R?, let f : Q — R be
a target function we are trying to learn, and consider the (continuous) least squares

regression loss
L(G):/||f(x)—KAN(x,9)||2dx. (5.5.2)
Q

Due to the representation (5.5.1), this loss function is quadratic in the parameters 6.

Let M denote the corresponding Hessian matrix, i.e. so that
L) = (1/2)6" M6 + b7 6.
This Hessian matrix (indexed by i, j, /) is given by

/Q Bl(Xj)Blf(Xj/)dX i=1
i+

M jy. a0y = (5.5.3)
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The convergence of gradient descent on the least squares regression is determined by
the eigendecomposition of the Hessian matrix M which is estimated in the following
theorem. The theorem is essentially a generalization of the fact that the Gram matrix
of the B-spline basis is well conditioned (see for instance [! 19], Theorem 4.2 in
Chapter 5).

Theorem 5.5.1. Given a single hidden layer KAN with grid size G, degree k B-
splines, input dimension d and output dimension d’, let M denote the Hessian matrix

defined in (5.5.3) corresponding to the least squares fitting problem (5.5.2). Then
the eigenvalues 0 < A1 (M) < --- < Ay(M) (here N = (G + k — 1)dd’) satisfy

M < Cd (5.5.4)
Agr(a-1)+1(M)

for a constant C depending only on the spline degree k.

Theorem 5.5.1 shows that away from d’(d — 1) eigenvectors the matrix M is well
conditioned. This means that gradient descent will converge at the same rate in all
directions orthogonal to these d’(d — 1) eigenvectors. Note that since the number
of eigenvectors we must remove is independent of the grid size G, we expect that
when G is relatively large most components of the KAN will converge at roughly
the same rate toward the solution. Thus the KAN with a large number of grid points
will not exhibit the same spectral bias toward low frequencies seen by MLPs. We
remark that in constrast the Hessian associated with a two layer ReLU MLP with
width 7 has a condition number which scales like n* [205], which explains the strong
spectral bias exhibited by ReLU MLPs.

Remark 5.5.2. We note that the d’'(d — 1) eigenvectors which must be excluded is not
an artifact of the proof. In fact, this is due to the fact that the KAN parameterization
is not unique. Indeed, the constant function f(x) = 1 can be parameterized in d
different ways by using the B-splines in each of the d different directions. This am-
biguity gives rise to directions in parameter space where the function parameterized
by the KAN doesn’t change and this results in degenerate eigenvectors of the matrix
M.

The analysis given is necessarily highly simplified and heuristic. In particular,
we only analyze a single layer of the KAN network and consider the continuous
least squares loss. Nonetheless, we argue that it gives an explanation for why we
would expect KANs to have a significantly different spectral bias than MLPs, and



159

in particular why we expect that they learn all frequencies roughly similarly. In the
remainder of this section, we experimentally test this hypothesis and compare the
spectral bias of KANs with MLPs on a variety of simple problems. We implement

these numerical experiments using the pykan package version 0.2.5.

5.5.2 1D waves of different frequencies
In the first example, we take the same setting as in [381] and study the regression
of a linear combination of waves of different frequencies. Consider the function

prescribed as
f(x) = Z A;sin 2rkiz+¢;), k=(5,10,---,45,50).

The phases ¢; are uniformly sampled from [0, 27] and we consider two cases of
amplitudes: one with equal amplitude A; = 1 and another with increasing amplitude
A; = 0.1i. We use a neural network, either ReLU MLP or KAN, to regress f
sampled at 200 uniformly spaced points in [0, 1], with full batch ADAM iteration
as the optimizer with a learning rate of 0.0003. For MLPs, we train with 80000
iterations as in [381]; for KANs, we only train with 8000 iterations. Normalized
magnitudes of discrete Fourier transform at frequencies k; are computed as | fi,/A;|

and averaged over 10 runs of different phases.

We plot the evolution of | ;. /A;| during training across all frequencies; see Figures
5.8, 5.9 for comparisons of MLPs and KANs with different sizes for equal and
increasing amplitudes respectively. KANs suffer significantly less than MLPs from
spectral biases. Once the size of KANs, especially the grid size and depth is large
enough, KANs almost learn all frequencies at the same time, while even very deep
and wide MLPs still have difficulties learning higher frequencies, even with 10x

epochs!

5.5.3 Gaussian random field

In this example, we consider fitting functions sampled from a Gaussian random
field. The target function f is sampled from a d-dimensional Gaussian random field
with mean zero and covariance exp(—|x — y|?/(20-?)). Here small o corresponds

to rough functions and large o~ corresponds to smooth functions.

To approximate the Gaussian random field, we sample f using the KL expansion
[243]. We sample N = 5000 points uniformly from [—1, 1]¢ and calculate the

(empirical) covariance matrix K. Then we truncate its first m < N eigenpairs A;, ¢;,
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Figure 5.8: 1D wave dataset, where the target function has equal amplitudes of
different frequency modes. Under various hyperparameters, MLPs manifest strong
spectral biases (top), while KANs do not (bottom). Note that the y axis (training
steps) of MLP is 10 times that of KAN.
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Figure 5.9: 1D wave dataset, where the target function has increasing amplitudes of
different frequency modes. Under various hyperparameters, MLPs manifest severe
spectral biases (top), while KANs do not (bottom). Note that the y axis (training
steps) of MLP is 10 times that of KAN.
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with the cutoff threshold 4,,4+1 < 0.14; < A, and sample f approximately via
f= Z Ai&idi,
i<m

where &; are i.i.d standard Gaussians N (0, 1). For f with different scales o and
dimensions d, we split the points into 80% training and 20% testing points. We
use MLPs and KANs with different sizes to regress on the training set, with the
mean squared loss as the loss function. For MLPs, we use 500 iterations of
LBFGS iteration, and for KANs, we use the grid extension technique, with grid
sizes (10, 20, 30,40, 50), each trained with 100 iterations of LBFGS.

We plot the loss curves here and compare the losses of different scales o and
dimensions d, using an MLP of 6 layers and 256 neurons in each hidden layer,
and KANs with 10 neurons in each hidden layer and 2, 3,4 layers; see Figure
5.10 for the regression loss on the training set with dimensions 2, 3,4 and scales
20 i =0,-1,-2,-3. We see that for larger scale and smoother functions, MLP
performs better, while for smaller scale and rough functions, KANs perform better
without suffering much from spectral biases, and grid extension is especially helpful.
We remark that one can choose smaller grid sizes of KANs for smoother functions

and obtain more accurate regressions.

Precisely since KANs are not susceptible to spectral biases, they are likely to
overfit to noises. As a consequence, we notice that KANs are more subject to
overfitting on the training data regression when the task is very complicated; see
the second line of Figure 5.11. On the other hand, we can increase the number
of training points to alleviate the overfitting; see the last line of Figure 5.11 where
we increased the number of training and test samples by 10x. We remark that the
current implementation of grid extension is prone to oscillation after refining grids
during the undersampled regime, as observed in [390], and we will improve it in

future works.

5.5.4 PDE example
In this example, we solve the 1D Poisson equation with a high-frequency solution,
similar to [460]. To be precise, consider the equation with zero Dirichlet boundary

condition
—uye = f in[-1,1], u(-1)=u(1)=0. (5.5.5)

Here for a frequency k € N, the right-hand-side and the associated true solution are

1
f = n*sin(nx) + n°k sin(knx), = sin(mx) + ; sin(kmx).
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Figure 5.10: The Gaussian random field dataset. Training losses of MLP and KAN:Ss,
with different scales and dimensions.

The different frequencies are normalized in a way that for £ > 1, the ground truth
has the same energy (H') norm. We use the variational form of the elliptic equation
and the associated Deep Ritz Method [467]. Parametrizing u by a neural network,

we minimize the loss
I
/1/1 (Euz—fu) dx +u*(-1) + u*(1).

For frequencies k = 2,4,8,16,32, we use 2000 uniformly spaced sample points
and the neural network using an MLP of 6 layers and 256 neurons in each hidden
layer and a KAN of 2 layers with 10 neurons in the hidden layer. We choose the
hyperparameter 4 = 0.01 balancing the energy and boundary loss and perform
LBFGS iterations. For MLPs, we use 200 iterations, and for KANs, we use grid
sizes (20,40), each trained with 100 iterations. We plot the relative L and H'
losses compared to the ground truth in Figure 5.12. We can see that KANs perform
consistently better, and the residue barely deteriorates when the frequency increases,

whereas it becomes extremely hard for MLPs to optimize when k& = 16, 32.
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Figure 5.11: The Gaussian random field dataset. Test losses of MLP and KAN:s,
with different scales and dimensions. Increasing the number of samples by 10x
helps overfitting.

5.6 Conclusions and Discussions

Inspired by the Kolmogorov-Arnold representation theorem, we propose the Kolmogorov-
Arnold Networks (KANs) as promising alternatives to MLPs. Our contributions are
three-fold: (1) we put the KA theorem in the perspective of modern machine learn-
ing, relating to MLPs, and generalize the representation from two-layer to multiple
layers via the KAN layers introduced, greatly enhancing expressive power. (2) we
show that KANs are interpretable, serving as a useful tool for scientific discoveries.
(3) we show that KANs are accurate and have nice scaling laws via theory and exper-
iments. The major limitation of this work, however, is that our numerical examples
focus on various aspects of science and are relatively small-scale. The scalability
and extensibility of KANs for large-scale machine-learning tasks are left as future
work. Especially we want to highlight the potential of applications of KANs to Al
for Science tasks, since KANs can extract interpretable information from data to

provide scientific insights, and reversely from scientific prior to build better models

[292].
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Figure 5.12: Solving PDEs. L? and H' losses of MLP and KAN with different
frequencies of the solution.

5.6.1 Related works

Kolmogorov-Arnold theorem and neural networks. The connection between
the Kolmogorov-Arnold theorem (KAT) and neural networks is not new in the
literature [374, , , , , , , , , ], but the pathological
behavior of inner functions makes KAT appear unpromising in practice [374].
Most of these prior works stick to the original 2-layer width-(2n + 1) networks,
which were limited in expressive power and many of them are even predating back-
propagation. Therefore, most studies were built on theories with rather limited or
artificial toy experiments. More broadly speaking, KANs are also somewhat related
to generalized additive models (GAMs) [4], graph neural networks [471] and kernel
machines [419]. The connections are intriguing and fundamental but might be out

of the scope of the current work.

Our contribution lies in generalizing the Kolmogorov network to arbitrary widths
and depths, revitalizing and contexualizing them in today’s deep learning stream, as

well as highlighting its potential role as a foundation model for Al + Science.

There are also subsequent works exploring other parametrizations of activation
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functions in the KAN formulation, including special polynomials [5, , 1,
rational functions [6], radial basis function [276, ], Fourier series [457], and
wavelets [40, 407]. Active follow-up research focuses on applying KANs to various
domains, such as partial differential equations [447, , 390] and operator learning
[2, , ], graphs [44, , , ], time series [438, , , ], computer

vision [86, 10, , 85, , 35], and various scientific problems [287, , ,

b b 2 2 2 2 ]'

Neural Scaling Laws (NSLs). NSLs are the phenomena where test losses behave as
power laws against model size, data, compute etc [24 1, , , , , 19, ,

]. The origin of NSLs still remains mysterious, but competitive theories include
intrinsic dimensionality [24 1], quantization of tasks [327], resource theory [420],
random features [19], compositional sparsity [374], and maximum arity [326].
This work contributes to this space by showing that a high-dimensional function
can surprisingly scale as a 1D function (which is the best possible bound one
can hope for) if it has a smooth Kolmogorov-Arnold representation. Our work
brings fresh optimism to neural scaling laws. We have shown in our experiments
that this fast neural scaling law can be achieved on synthetic datasets, but future
research is required to address the question whether this fast scaling is achievable
for more complicated tasks (e.g., language modeling): Do KA representations exist

for general tasks? If so, does our training find these representations in practice?

Mechanistic Interpretability (MI). MI is an emerging field that aims to mechanis-
tically understand the inner workings of neural networks [354, , , , ,

, , , ]. MI research can be roughly divided into passive and active
MI research. Most MI research is passive in focusing on understanding existing
neural networks trained with standard methods. Active MI research attempts to
achieve interpretability by designing intrinsically interpretable architectures or de-
veloping training methods to explicitly encourage interpretability [290, ]. Our
work lies in the second category, where the model and training method are by design

interpretable.

Learnable activations. The idea of learnable activations in neural networks is
not new in machine learning. Trainable activations functions are learned in a
differentiable way [ 177, , , ] or searched in a discrete way [33]. Activation
function are parametrized as polynomials [177], splines [145, 36, 11], sigmoid
linear unit [384], or neural networks [474]. KANs use B-splines to parametrize

their activation functions.
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Symbolic Regression. There are many off-the-shelf symbolic regression methods
based on genetic algorithms (Eureka [127], GPLearn [178], PySR [104]), neural-
network based methods (EQL [309], OccamNet [128]), physics-inspired method
(AI Feynman [435, ]), and reinforcement learning-based methods [335]. KANs
are most similar to neural network-based methods, but differ from previous works
in that our activation functions are continuously learned before symbolic snapping

rather than manually fixed [127, ].

Physics-Informed Neural Networks (PINNs) and Physics-Informed Neural Op-
erators (PINOs). In Section 5.4 PDE, we demonstrate that KANs can replace the
paradigm of using MLPs for imposing PDE loss when solving PDEs. We refer to
Deep Ritz Method [467], PINNs [382, ] for PDE solving, and Fourier Neural
operator [277], PINOs [280), , ], DeepONet [296] for operator learning meth-
ods learning the solution map. There is potential to replace MLPs with KANs in all

the aforementioned networks.

Al for Mathematics. Al has recently been applied to several problems in Knot
theory, including detecting whether a knot is the unknot [181, ] or a rib-
bon knot [182], and predicting knot invariants and uncovering relations among
them [226, , , ]. For a summary of data science applications to datasets
in mathematics and theoretical physics see e.g. [396, ], and for ideas how to

obtain rigorous results from ML techniques in these fields, see [180].

5.7 Appendix
5.7.1 Implementation details of KAN
Implementation details. Although a KAN layer Eq. (5.2.5) looks extremely simple,

it is non-trivial to make it well optimizable. The key tricks are:

(1) Residual activation functions. We include a basis function b(x) (similar to
residual connections) such that the activation function ¢(x) is the sum of the

basis function b (x) and the spline function:
¢ (x) = wpb(x) + wgspline(x). (5.7.1)
We set

b(x) =silu(x) =x/(1+e™) (5.7.2)
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Figure 5.13: Left: Notations of activations that flow through the network. Right: an
activation function is parameterized as a B-spline, which allows switching between
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2)

3)

in most cases. spline(x) is parametrized as a linear combination of B-splines
such that

spline(x) = Z ¢iBi(x) (5.7.3)

1

where c;s are trainable (see Figure 5.13 for an illustration). In principle wj and
wy are redundant since it can be absorbed into b(x) and spline(x). However,
we still include these factors (which are by default trainable) to better control

the overall magnitude of the activation function.

Initialization scales. Each activation function is initialized to have w, = 1 and
spline(x) ~ 0 2. wj is initialized according to the Xavier initialization, which

has been used to initialize linear layers in MLPs.

Update of spline grids. We update each grid on the fly according to its input
activations, to address the issue that splines are defined on bounded regions but
activation values can evolve out of the fixed region during training *> Grid updates
(grid size G| — G1) use the same least square method as grid extensions (grid
size G1 — G > Gy).

g =

2This is done by drawing B-spline coefficients c; ~ N'(0, 0-?) with a small o, typically we set
0.1.
30ther possibilities are: (a) the grid is learnable with gradient descent, e.g., [456]; (b) use

normalization such that the input range is fixed. We tried (b) at first but its performance is inferior
to our current approach.
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Parameter count. For simplicity, let us assume a network

(1) of depth L,
(2) with layers of equal widthng =n; =---=ny =N,

(3) with each spline of order k (usually k£ = 3) on G intervals (for G +1 grid points).

Then there are in total O(N?L(G + k)) ~ O(N?LG) parameters. In contrast, an
MLP with depth L and width N only needs O (N?L) parameters, which appears to
be more efficient than KAN. Fortunately, KANs usually require much smaller N
than MLPs, which not only saves parameters, but also achieves better generalization
(see e.g., Figure 5.5 and 5.7) and facilitates interpretability. We remark that for 1D
problems, we can take N = L = 1 and the KAN network in our implementation
is nothing but a spline approximation. For higher dimensions, we characterize the

generalization behavior of KANs with a theorem below.

5.7.2  Proofs
Proof of Theorem 5.2.1. By the classical 1D B-spline theory [1 1] and the fact that
®,; ; as continuous functions can be uniformly bounded on a bounded domain, we

know that there exist finite-grid B-spline functions <I)lGl. ; such thatforany 0 < m < k,

(@11, ;0B 10®;_20- - -o® | o®p)X—(Df, .o®;_jo®;_30- - 0@ 0®)x]|cm < CoG ™+,

Li,j
with a constant Cy independent of G. We fix those B-spline approximations.

Therefore we have that the residue R; defined via

Rl = (Qg—lo. . .o@G

l+10(1)10q)l_10' . -O(I)())X—((I)g_lo. . .oq)G

G
l+1o(I)l o®;_jo- - -o®()x

satisfies
IR/llcm < CGT*71*m

with another constant independent of G. Finally notice that
f_(q)f_l oq)g_zo"'O(D?O(Dg)X:RL_l+RL_2+-'~+R1+R0,

we know that (5.2.11) holds for another constant C independent of G. |

Remark: We can be more precise about the dependence of the constant C in the

CW-Lkyg the class of

theorem. Define the compositionally smooth function class
functions in the form of (5.2.10) such that the input dimension equals n, the width
or maxo<;<yz, #; in the definition (5.2.3) equals W > n, depth equals L, smoothness

equals k. Then C only depends on W, L, k and max ||¢;; ;||cm.
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Proof of Theorem 5.2.2. We will show that each layer of an MLP with the activation
function o can be represented by a KAN with two hidden layers, width W and grid
size G = 2 with degree k B-splines. By composing such layers, we obtain the

desired result.

For a single layer of MLP, we consider the linear part and the non-linear activation

separately. We first observe that on any compact subset of R" the linear function
W .
X; = Z ayx'" + by (5.7.4)
Jj=0

can be represented with a single KAN layer of width W by setting ¢;; to the linear
function )
¢ij(x) = ajjx + ;l (5.7.5)

We claim that this linear function can be exactly represented on any interval [—R, R]
in the form (5.7.1). To do this, we first set w; = 0 and choose the grid points for the
B-splines to be

{(~(2k = DR, —(2k = 3)R, ...,.—R, R, ..., (2k - 3)R, (2k — 1)R}.

Note that based upon the KAN architecture, this corresponds to the extension of the
uniform grid #tp = —R, #; = R which has grid size G = 1. It is also easy to verify
that there are (k + 1) B-splines supported on this grid, whose restriction to [—R, R]
span the space of polynomials of degree k. Thus, in particular, any linear function

on [—R, R] can be represented as a linear combination of these B-splines.

Next, we consider the non-linear activation, which is given by the coordinatewise
application of oy, i.e.
out

xP" = o (x;). (5.7.6)

This can be represented by a single hidden layer KAN by setting
or(x) i=j
(P,"j (x) = (577)
0 i #].

We claim that the functions o can be represented in the form (5.7.1) on any finite
interval [-R, R]. To to this, we again set w;, = 0 and choose the grid points for the

B-splines to be

{~kR,—(k = DR, ...,—R,0,R, ..., (k = 2)R, (k — 1)R}.
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This grid is the grid extension of the uniform grid 7o = —R, 1 = 0, 1, = R which has
grid size G = 2. It is easy also to verify that there are (k + 2) B-splines supported
on this grid and that any piecewise polynomial on [—R, R] with a single breakpoint
at 0 which is C¥~! is a linear combination of these B-splines. Hence the function

o can be represented on [—R, R] in the form (5.7.1) using this grid.

The proof is now completed by composing these layers and choosing R sufficiently
large so that for any input x € € (which is bounded) the inputs and outputs of every

neuron in the original MLP lie in the interval [-R, R]. O

Proof of Theorem 5.5.1. We first observe from (5.5.3) that the matrix M is block
diagonal with d’ identical blocks. Denoting these (G +k —1)d X (G +k —1)d blocks
by B, it thus suffices to prove that

A(G+k-1)a(B)

1,(B) <C. (5.7.8)

To do this, we analyze the blocks B and note that they take the form

B=|" | (5.7.9)

Here the diagonal sub-blocks C € R(C+=Dx(G+k=1) gre the Gram matrix of the

one-dimensional B-spline basis, i.e.

1
C,'j = / Bi(x)Bj(x)dx, (5710)
0

and the off-diagonal sub-blocks D € R(G*k=1X(G+k=1) are rank one matrices

D=w, (5.7.11)
where the vector v € RO**~1 is given by
1
v = / B;(x)dx. (5.7.12)
0

It is well-known that the Gram matrix C is well-conditioned uniformly in G for a
fixed k, i.e. Ag+x-1(C)/A1(C) < K for a fixed constant K depending only upon k.
See for instance [ | 19], Theorem 4.2 in Chapter 5, where it is shown that the L,-norm

of a spline and the properly scaled £;-norm of its B-spline coefficients are equivalent
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up to a constant depending only on k. This is equivalent to the well-conditioning of

the Gram matrix C.

In addition, we can easily verify using Jensen’s inequality (or Cauchy-Schwartz)
that D < C. Indeed, letting w € RG* =1 we see that

1 2 1
wTDw:( /O f(x)dx) < /O f(x)?dx =w' Cw, (5.7.13)

where the function f(x) = G+k "yw,iB;(x).

Let 1 € R? be the vector of ones and note that

velhveD'=| (5.7.14)

so that B — (v ® 1)(v ® 1)7 is a block diagonal matrix with diagonal blocks C — D.
We proceed to upper bound the largest eigenvalue of B by

A(G+k-1ya(B) = max w! Bw

e
cC-D 0 0
0 C-D ---
= max wl _ . w+ (W (ve )2
0 0 C-D

(5.7.15)

Writing w = (w1, ..., wg) with w; € RE**~1 and ZG+k Ullwil|? = 1 and using that

D = vv!, we get the bound

d
/l(G+k—l)d(B) < max Z WITCW,' +

w2+ +wall>=1 <=

d 2 g
Zvai) = > 0T wy)?

. = (5.7.16)
T
< ot lZw Cw; + (d — I)Z(V W)

Since D < C we have (v w;)? < w! Cw; which gives the bound

AGer-nya(B) <d  max Z wl Cw; = dAg-1(C). (5.7.17)

w2 Hwal2=1 4
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Next, we lower bound the d-th eigenvalue of B. For this, we use the Courant-Fisher

minimax theorem to see that

A4(B) =max min  w!Bw, (5.7.18)
Wa weWy, Iw|l=1

where the maximum is taken over all subspaces of W; of codimension < d. We

consider the specific subspace
Wy ={(wi,...wq); viw;=0foralli=1,...,d} ® span(v ® 1) (5.7.19)

and observe that for any (w1, ..., wg) with v/ w; = 0 we have

d d
wiBw =3 wiCw; 2 11(C) 3 Iwill” = 11 () Iwl, (5.7.20)
i=1

i=1

while for the w = v ® 1 (which is orthogonal) we have
d d
W Bw =Y vICv+(d=1) Y IVIP = 1O dlvl? = L (O)llwl>. (5.7.21)
i=1 i=1

Thus, 1;(B) > 4;(W). Combining these bounds and using the well-conditioning

of the Gram matrix C, we get

AG+k-1)a(B) <d/lc+k—1(C) <

5.7.22
wB ST S 6-7.22)

for a constant K which only depends upon k. This completes the proof. O
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Chapter 6

HIGH PRECISION PINNS IN UNBOUNDED DOMAINS:
APPLICATION TO SINGULARITY FORMATION IN PDES

In this chapter, we investigate the high-precision training of Physics-Informed Neural
Networks (PINNSs) in unbounded domains, with a special focus on applications to
singularity formation in PDEs. We propose a modularized approach and study the
choices of neural network ansatz, sampling strategy, and optimization algorithm.
When combined with rigorous computer-assisted proofs and PDE analysis, the
numerical solutions identified by PINNs, provided they are of high precision, can
serve as a powerful tool for studying singularities in PDEs. For 1D Burgers equation,
our framework can lead to a solution with very high precision, and for the 2D
Boussinesq equation, which is directly related to the singularity formation in 3D
Euler and Navier-Stokes equations, we obtain a solution whose loss is 4 digits
smaller than that obtained in [449] with fewer training steps. We also discuss
potential directions for pushing towards machine precision for higher-dimensional

problems.

6.1 Introduction

singularity formation is one of the key challenges in the study of partial differential
equations (PDEs). Unlike well-posed equations, where one can apply classical
existence and uniqueness theorems, singularities often occur in certain solutions of
nonlinear PDEs, where we only have guarantees of existence for a short time, but
the solution may blow up in finite time. The study of singularities often involves a
case-by-case approach and is related to some of the most intriguing mathematics and
physical properties, such as the onset of turbulence in the Navier-Stokes equations.
The singularity of the Navier-Stokes equations is one of the seven Millennium
Prize Problems [146]: widely regarded as the most fundamental and challenging
problem in analysis, and is still open. One of the key difficulties in the study of
singularities is the lack of understanding of the singularity pattern and its mechanism.
The computation of the singularity itself, or infinity, is intractable numerically. A
general roadmap is thus to first propose a plausible singularity ansatz that renders the
computation feasible, then find candidates of such blowup by numerical simulations,

and finally verify the stability of such an ansatz by PDE analysis.
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We are often interested in a special structure of singularity: self-similar singularity.
Self-similarity relates to the invariance of the solution under scaling transformations
and reduces singularity to the existence of a self-similar profile. To be precise, for the
quantity of interest u(x, t), we put the ansatz u(x, t) = (T —1)~U (x(T —t) ), where
U is the profile function independent of time, 7 is the blowup time, and @ > 0, 8
are the scaling exponents to be determined. Now we can reduce the computation
of an infinite u to the computation of a finite, smooth profile U, along with scaling
exponents a, 8 to be inferred. Physics-Informed Neural Networks (PINNs) [387]
serve as a powerful tool to find such profiles, with the scaling parameters jointly
inferred as inverse problems. It was first introduced in the context of identifying
singularity profiles in [449] and has seen success even in problems that are unstable
for traditional numerical methods. While PINNs offer a powerful tool to search for
candidate profiles, solutions identified by PINNs are often of limited accuracy and

far from applicable to rigorous PDE analysis, to the best of the authors’ knowledge.

In this work, we aim to systematically study the high-precision training of PINNs,
with a special focus on applications to solve profile equations governing singularity
formations in PDEs, in fluid dynamics and beyond. We will take a modularized
perspective without diving into sophisticated tricks and investigate the following
aspects: a good neural network ansatz representing the profile function, a good
sampling strategy to tackle the infinite domain with a special focus on imposing
boundary conditions, and a good optimization algorithm to train the neural network.
We apply our findings to the 1D Burgers equation and the 2D Boussinesq equation,
obtaining a precision amenable to rigorous PDE analysis for the 1D Burgers equa-
tion and 4 digits better than [449] with fewer training steps for the 2D Boussinesq
equation. The 2D Boussinesq equation shares many similarities with the 3D ax-
isymmetric Euler equation for the ideal fluid without viscosity; see the pioneering
works of [76, 73, 74] for the connection between the two equations, where the au-
thors used the connection to establish singularity formation for the 3D axisymmetric

Euler with boundary.

6.2 Related Works

6.2.1 PINNs

Neural networks have witnessed success in solving PDEs and surrogate modeling in
math and science. PINNSs in particular have been widely used due to their flexibility
and applicability to a wide range of problems [54, 382, 244]. The key idea of PINNs
is to enforce the PDE constraints at a set of collocation points and to minimize the
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residual of the PDEs as a loss function. By posing the solution of PDEs as an
optimization problem, PINNs are especially suited to solve inverse problems [383,

, , ], where the solution of the PDE and the underlying parameters can
be jointly inferred. In [449], the authors used PINNs to study the blowup of the 1D
Burgers equation, the 1D family of generalized Constantin-Lax Majda equations,

and the 2D Boussinesq equation.

Another line of work, operator learning [257], focuses on learning the solution
operator instead of learning a single instance of solution, where Fourier Neural
Operators (FNOs) [277, , , ] and DeepONets [296] are two families of
representative works in this direction. Once a solution operator is learned, it can
be evaluated in a resolution-free manner at any point in the domain. Data are
often augmented to enhance the solution accuracy, while the loss function can also
incorporate the PDE constraints, termed Physics Informed Neural Operator (PINO)
[280]. In [313], the authors used PINO with Fourier continuation to study the
blowup of the 1D Burgers equation.

6.2.2 Self-similar singularity and computer assisted proofs

Self-similar singularity of the ansatz u(x, t) = (T — )~ U (x(T —t)P) is generic in
the study of singularity formation in PDEs, where one uses the scaling invariance
of the PDE and can reduce the computation of an infinite u to the computation of
a finite, smooth (approximate) profile U. Such structures exist even in the simple

Riccati ODE u; = u? with an exact solution u = (7 —1)~!.

The approximate profile can be identified via explicit construction or numerical
computation. Working in the rescaled, self-similar variables and performing stability
analysis around the profile U provides a powerful tool to establish the singularity
formation, for nonlinear Schrodinger equations [315, ], incompressible fluids
[136, 72, 76, 73, ], compressible fluids [320, ], and beyond. Until recently,
most of the works relied on an explicit profile and spectral information of the
associated linearized operator to establish linear and nonlinear stability. In [73, 74],
the authors used computer-assisted proofs with a sophisticated numerical profile
obtained by solving the dynamic rescaling equations in time to obtain an approximate
steady state. By analyzing the stability of the approximate profile, they established
the singularity formation for the 2D Boussinesq equation and the 3D axisymmetric
Euler equation with boundary. And in [218, 77], the authors provided a framework

using only local information for stability analysis, bypassing spectral information
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and allowing for numerical profiles with computer-assisted proofs, for problems

beyond self-similarity.

6.2.3 Towards high precision training

Various methods have been proposed in the literature to improve the accuracy of
PINNs. One line of work focuses on a better representation of the solution. In
[327, ], the boosting technique was proposed, where a sum of a sequence of
neural networks with decreasing magnitude was used to learn the solution; at each
stage, a new neural network is trained to learn the residual. To overcome the

spectral bias [381] of multilayer perceptrons (MLPs), or the favor of learning low-

frequency modes [459, ] in the solution, one can use Fourier feature encoding
[415, , ], or different activation functions [233, , , , 1. In
particular, Kolmogorov-Arnold Networks (KANs) [292, ] that leverage nonlinear

learnable activation functions and the Kolmogorov-Arnold representation theorem
were proposed and further investigated in the PINN setting [447, 411, 432]. Another
line of work improves the optimization landscape during the training of PINNs.
Various optimizers, which we will detail in Subsection 6.3.3, have been proposed
to improve the convergence rate. Adaptive design of points sampling [&, , ]
and adaptive weighting of different terms [442, , ] in the loss function were

also proposed to improve the accuracy of PINNs.

We will only focus on applying hard constraints and choosing a good optimizer in

this work and leave the exploration of more sophisticated tricks for future work.

6.3 Methodology
We outline our methodology of high-precision training for PINNs on the whole

space in this section. We work under the general formulation of the profile equation
L(U,A) =0,

where U (y) is the profile function, A is a set of scaling parameters to be determined,
and L is the nonlinear differential operator. For our problems of interest, U=0 will

be a trivial solution satisfying the equation.

6.3.1 Infinite domain
The key challenges we are facing here are sampling and learning on an infinite
domain. For a given budget of a finite number of sampling points, we need to

sample the domain in a way that the resulting solution is accurate and generalizes
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well throughout the domain. In the meantime, We want the neural network to be
able to represent the profile function and the initialization of parameters to favor
learning of such representations. To this end, we adopt an exponential "mesh" in our
sampling strategy: Consider an auxiliary variable z such that y = sinh(z) = %,
and sample z uniformly in a finite region. Here we choose the sinh transformation as
in [449] to respect the parity of the functions, detailed in the subsequent subsection.

Such a transformation maps roughly z € [-30,30] to y € [-5 x 10'2,5 x 10'?].

Boundary conditions are another important aspect when learning on the whole space.
For our problems of interest, U by itself will not have sufficient decay at infinity,
and one approach adopted in [449] is to impose Neumann boundary conditions at
infinity, or numerically on the boundary of the domain of the z variables. To rule
out the trivial solution U = 0, we need to enforce a nondegeneracy condition, often
posed at the origin. We will discuss the enforcement of these conditions in the
following subsection. We refer to this formulation as boundary conditions using

weak asymptotics.

On the other hand, we can enforce stronger information on the boundary. If we know
the exact asymptotic behavior of the solution at infinity as g, for example a power
law, we can introduce a smooth cutoff function y with y(0) = 0, y(c0) = 1 and the
ansatz U = U + yg. We can then enforce Dirchlet boundary conditions at infinity
for U represented by the neural network. We refer to this formulation as boundary
conditions using exact asymptotics. We will demonstrate for the 1D example that
PINNs using exact asymptotics will outperform those using weak asymptotics by a

large margin.

A priori, the exact asymptotics information is not available, and one can first train
a neural network U,, with boundary conditions using weak information, and distill
the information of asymptotics g from U,,. We refer to this formulation as boundary
conditions using hybrid asymptotics. For example, for the 2D Boussinesq equation,
borrowing ideas from [73], one can use function fitting and symbolic regression to
extract asymptotics g from U,,, filtering out the noisy residues, such that g is a
symbolic function approximating U,, at infinity. We will leave this approach to

future work.

6.3.2 Hard constraint
Hard constraints are important concepts in the parametrization of the solution space

for PINNs. When enforced properly, they will guarantee physical properties of the
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solution [297, , , ], and can impose the solution to be in the correct
manifold. While most of the previous works focus on hard constraints of bound-
ary conditions, we emphasize the enforcement of hard constraints in the following
senses: the parity of the learned function and the nondegeneracy conditions. Em-
pirically we observe a better convergence rate and a more stable solution when

enforcing hard constraints.

Parity. For a function f(y;,§;) even/odd in the variable y;, we train a neural

network with the following ansatz f = ( fu,(vi, Vi) = fun(=yi, $:1)) /2.

Nondegeneracy conditions. As discussed in the previous subsection, we need to
enforce nondegeneracy conditions to rule out the trivial solution U = 0 when using
weak asymptotics. For example, for the 1D Burgers equation, we know that U is
odd and necessarily U’(0) = —1; we can enforce U"”(0) = 6. We will enforce a
hard constraint via Taylor expansion at the origin as U = —z + 7> + z*U}, for an odd
function U;. Similarly for the 2D Boussinesq equation, we enforce 9;Q(0,0) = —1
and Q is odd in z; via a Taylor expansion as Q = —z1 +7122Q + z%Qz, where Q1, Q>

are even and odd functions in z; respectively.

6.3.3 Optimizer: Self-Scaled BFGS methods

A common practice of training PINNSs is to use the Adam optimizer. As a stochastic
first-order method, Adam is known to be robust and efficient in training deep neural
networks and can empirically escape local minima. To further improve convergence
to the minimizer, one can apply second-order methods with a higher convergence
rate, like L-BFGS, after training with Adam for a few epochs. While this seems
to be a gold standard in the training of PINNSs [387], various optimizers have been
investigated, including variants of second-order quasi-Newton methods [387, 1,
and optimizers using natural gradients [334, , 84]. We highlight and use the
self-scaled BFGS methods proposed in [ 12, 13] and introduced to the PINNs context
in [437, ]. BFGS methods use an approximation of the inverse of the Hessian
matrix to precondition the gradient for the update direction. To be precise, consider
the parameters ®; and learning rate ay at step k, with loss function J(0), then the
update rule for ® is

Ok+1 = O — a Hy VT (Oy).

Different choices of updating the approximate inverse Hessian Hy lead to different

optimizers, and L-BFGS in particular is a memory-efficient way for the updates by
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storing only vectors instead of the whole matrix. The self-scaled BFGS methods
use a scaling compared to the standard BFGS update of the inverse Hessian. More

precisely, for the auxiliary variables
Sk = Oks1 = Ok, Yk = T (Ok1) = T (Og),

Sk Hiyk
Vk:\/)’k'Hkyk[ Y ]

Vi Sk Yk Hiyr

we have for the scalers 7, and ¢¢:

1

Hyyir ® Hiyg
Hiy = — -
Tk

Vi - Hiyk

Sk ® Sk
+ ,
Yk * Sk

Hy + Pivi ® Vi

where the original BFGS corresponds to the choices 74 = ¢y = 1. While this is
only a simple modification of the original BFGS, the authors in [437] demonstrated
a much improved convergence rate across a variety of benchmarks, including the
Helmholtz equation, the nonlinear Poisson equation, the nonlinear Schrodinger
equation, the Korteweg-De Vries equation, the viscous Burgers equation, the Allen-
Cahn equation, 3D Navier-Stokes: Beltrami flow, and the lid-driven cavity. We use
the self-scaled Broyden methods proposed in [437]; see equations (13)-(23) therein

for details on the choices of 73 and ¢.

On the role of minibatch training or random resampling. One of the common
practices when training PINNSs is to use random resampling of the collocation points.
This can enhance the performance of SGD-based methods like Adam empirically.
However, full-batch second-order methods like BFGS with supposedly higher-order
accuracy do not adapt well to random resampling since they rely on past trajectories
for Hessian updates. One empirical observation, as proposed in [448], is that when
one uses an optimizer with fixed resolution like BFGS, it will be able to generalize
in the regions where sampling points are sufficient. However, in the undersampled
regions, the learned solution generalizes poorly. In an abstract form, there exists
a critical batchsize N., such that when N > N, fixed sampling will be preferred,
while for N < N, fixed sampling will have very bad generalization. N, would
depend on both the equation and the scale of the neural network. Empirically, we
observe that roughly 10k points are sufficient for generalization with fixed training
points. We resample every 1000 epochs to further reduce overfitting. See details on

the choices of the batch size in the experiments section.
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6.4 Experiments

In this section, we describe our numerical experiments on the blowup profiles for 1D
Burgers equation and 2D Boussinesq Equation. The codes are available athttps://
github.com/RoyWangyx/High-precision-PINNs-unbounded-domains-/tree/
main. When training both equations, we denote the PDE by L(U(y)) = 0 and the
boundary condition by B(U) = 0. We use auxiliary variables z = sinh™! y as in
Subsection 6.3.1 and consider the following combination of interior, boundary, and

smoothness losses as in [449]

loss =0.1(L; + Ly) + Ly,

1 N; | Ny 1 Np
— _ f W12 o f )2 - ) 2
=0.1( ;[Lwnn(z]))] t o ]ZI Ve, LU ()P + 5 ;[me)] :

(6.4.1)
where U,,(z) is supposed to approximate U(z) = U(y) in the z-variables, and L,
B denotes the PDE and the boundary condition transformed in the z-variables; see

[449] for a concrete formula for the 2D Boussinesq equation.

6.4.1 Burgers equation

For the 1D Burgers equation
u; + uuy, =0, (6.4.2)

consider the self-similar ansatz that respects the scaling symmetry
ulx,t) = (1 -)*U(), y=x(1-1"1"1 (6.4.3)
The profile equation for U used for the PDE loss in (6.4.1) is
-AU+ ((1+2)y+U)U, = 0. (6.4.4)
We impose an odd symmetry on U, and the profile equation has implicit solutions
y+U+CcU™ /=0, (6.4.5)

for any constant C, as in the setting of [449], where we know that the most stable

solutions correspond to A = 0.5 and there are nonsmooth solutions ate.g. 4 = 0.4.

In this example, we assume that we first train the neural network on a bounded
domain and infer the correct A already, for example via the method in [449]. Now
we focus on fixing A and learn U on the unbounded domain. Using an MLP with

activation function tanh, 4 layers and 20 neurons per layer and a hard constraint
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on parity, we use the optimizer SSBroydenl as in [437] with 20000 epochs and
resampling every 1000 epochs. z is sampled uniformly on [0, 30] with a batchsize
10000 for both the interior and smoothness losses, corresponding to a domain

[0,5 x 10'2] in the y variables.

For the formulation using weak asymptotics as in Subsection 6.3.1, we use the
Neumann boundary condition U, = 0 and enforce hard constraint of nondegeneracy
conditions as in Subsection 6.3.2. For the formulation using exact asymptotics as in
Subsection 6.3.1, we use Dirichlet boundary condition & = 0 and the cutoff function

X = (ny) 15 since the far field is captured by the exact asymptotics g = —yﬁ.

We present the following results of A = 0.4, 0.5 using weak and exact asymptotics:
see Figure 6.1 for the equation residue of the solution at the final stage and Figure
6.2 for the evolution of the losses. We are able to achieve high accuracy over a large
domain, but using exact asymptotics is preferred for both the smooth and nonsmooth
case of 4.

le—6 le—6

—4 4

T T T T T T T T T T T T T T T T T T
0.00 0.25 050 0.75 100 1.25 150 175 2.00 0.00 0.25 050 0.75 100 1.25 150 175 2.00
lel2 lel2

le-9

le-9

-0.254

T
0.00

T
2.00
lel2

-0.501

-0.754

T T T T T T T T T
000 025 050 075 100 125 150 175 2.00
lel2

Figure 6.1: Final residue in a large domain for 1D Burgers. Upper: weak asymp-
totics; down: exact asymptotics; left: 4 = 0.4; right: 1 =0.5.
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Figure 6.2: Trajectory of losses for 1D Burgers. Upper: weak asymptotics; down:
exact asymptotics; left: 4 = 0.4; right: 1 =0.5.

6.4.2 Boussinesq equation

For the 2D Boussinesq equation on the half plane, in vorticity form with the self-
similar ansatz, we get the following profile equations for (Q, Uy, U, @, ¥) as in

[449]:

Q+((1+ ) (y1.y)" +(ULU)") - VQ = D,
(248, UN®+ ((1+)(y1,y2)" + (U1, U)") - V& = -5, U1 ¥,
(2+ 0, Un)P + (1 + ) (y1,y2)" + (U1, Ux)") - V¥ = -4,,U, @,
0y, Ur +y,U =0, Q=08,Us—0dy,Up, 0¥ =0,

where (Q, U}, @) are odd and (U,, ¥) are even in y; and we are in the half plane
y2 > 0.

For the boundary conditions, we impose a non-penetration boundary condition
U>(y1,0) = 0 along with decaying weak asymptotics at the far field, with Dirichlet
boundary conditions @ = ¥ = 0 and Neumann boundary conditions for the velocity
field V(U;, U>)T = 0. For the nondegeneracy condition, we impose 0,,Q2(0,0) = -1
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and use Taylor expansion to enforce a hard constraint as in Subsection 6.3.2. We
find that enforcing a hard constraint is much more effective to avoid converging to

a trivial solution than enforcing soft constraints.

For each function, we use a 7-layer MLP with width 30, hard constraints on parity,
and activation function SiLU = 77— to better model the growth at the far field. For
sampling, we sample 1000 points on each boundary of the square (z1, z2) € [0, 30]2,
and 5000 points each for the interior and smoothness losses, where we sample
(21, z2) with equal probability uniformly on [0, 30]? and [0, 5] for the interior loss
and with equal probability uniformly on [0, 3]? and [0, 0.5]? for the smoothness
loss, ensuring smoothness near the origin. Again, we are computing effectively in a

large domain [0, 5 x 10'%]? in the y variables.

For optimization, we use Adam for 10000 epochs with resampling, followed by the
optimizer SSBroyden 1 as in [437] with 40000 epochs and resampling every 1000
epochs. The learning rate of Adam is set to be 0.001 for the functions and 0.1 with
B =1(0.9,0.9) for A, with a decay of 0.9 after 5000 epochs.

We present the final profiles and the residue of the PDEs near the origin respectively
in Figure 6.3 and 6.4, and the evolution of losses in Figure 6.5. Compared to
[449], we achieve a training loss of 4 digits smaller and equation residues of 2
digits smaller. We remark that due to computational constraints and the cost of a
full batch optimizer involving the approximation of the Hessian matrix, this is the
largest neural network affordable. We use 10 days of CPU time on a MacPro 2019
with 2.5GHz 28-core Intel Xeon W processor.

ul w2 W phi

Figure 6.3: Final profiles for 2D Boussinesq
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Figure 6.4: Final equation residues for 2D Boussinesq
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Figure 6.5: Trajectory of losses for 2D Boussinesq: 10000 Adam iterations followed
by 40000 self-scaled Broyden iterations.
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6.5 Conclusions and Future Work

We demonstrate the importance of enforcing appropriate asymptotics, enforcing
hard constraints, and adopting a better optimizer for solving PDEs using neural
networks on an infinite domain. We achieve better accuracy for problems crucial
to the study of singularity formations. As a future direction, we believe a better
enforcement of far-field asymptotics, formulated as hybrid asymptotics, might have
the potential of driving PDE residues to machine precision, potentially amenable
to rigorous computer-assisted proofs using the profiles identified by the neural
networks. Another direction is to use PINO, the idea of operator learning on a range

of scaling parameters, to learn a collection of profiles with different scalings.

6.6 On Weak Convection Model to 3D Euler and Numerical Stability Analysis
A natural next step of the present program is to study the weak-convection regime,
namely the dynamic-rescaling system in which the transport is weakened to encour-

age blowup; as in [289].

Oy + e u” Opuy + & u* 0y = 2uy Oy (6.6.1)

0wy +eu drwy + & u* 0,01 = 2uy 9;(uy) (6.6.2)
3

~|8% + ~0 + 32|y = wi. (6.6.3)

In this setting, the profile equations retain the main hyperbolic scaling structure
while the nonlinear convection terms enter with a small prefactor £, which makes the
model both analytically tractable and still rich enough to capture singular behavior.
Our computations and formal asymptotics indicate that this weak-convection model
admits a nontrivial singular profile: after rescaling, one finds a coherent stationary
state (U, Q, V) together with scaling parameters (4, C, ¢, c¢,) for which the original
solution concentrates and the relevant amplitude grows according to the self-similar
law. In this sense, the model provides clear evidence of singularity formation, while
also preserving enough of the geometric structure of the full equation to serve as an
informative intermediate problem between purely leading-order toy models and the
fully coupled dynamics. We are able to push to a higher & = 0.3 compared to the

reported in [289], using neural networks.

An important direction for future work, in collaboration with Prof. Anima’s group,
is to complement the existence and numerical construction of such singular profiles
with a stability theory. The main difficulty is that the correct coercive functional is

not known a priori: because the singular profile is strongly anisotropic and exhibits
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nontrivial growth/decay across spatial regions, standard polynomial or isotropic
Sobolev weights are unlikely to capture the true dissipative mechanism of the lin-
earized operator. To address this, we propose to parametrize a family of singular
weights by a neural network and to learn them through a min—max formulation,
maximizing the coercivity while minimizing over all admissible functions. Such
a neural min—max procedure is attractive because it allows the weight to adapt to
the hidden geometry of the singularity, rather than imposing an ansatz by hand. If
successful, it would provide a data-informed route toward identifying the correct
singular weights, proving linear stability in a sharp weighted space, and ultimately
opening the door to a nonlinear stability argument for the weak-convection singu-
larity. We also study the linearized spectrum numerically to infer empirically the

stability and instability of the profiles.
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Chapter 7

EXPONENTIALLY CONVERGENT MULTISCALE FINITE
ELEMENT METHOD

In this chapter, we present the exponentially convergent multiscale finite element
method (ExpMsFEM), developed for efficient model reduction of PDEs in hetero-
geneous media without scale separation and for high-frequency wave propagation
problems. This method, based on a series of articles [81, 83, 82], systematically
enriches the approximation space within a non-overlapping domain decomposition
framework to achieve nearly exponential convergence with respect to the number
of basis functions. We provide a concise overview based on our review paper [52],

with technical details and full theoretical analysis found in the cited works.

A central challenge in achieving exponential convergence is overcoming the alge-
braic Kolmogorov n-width barrier, which requires basis functions that depend on the
right-hand side of the equation. ExpMsFEM addresses this by introducing a two-
part function representation: an offline stage, where basis functions independent of
the right-hand side are constructed and used to assemble the Galerkin system; and
an online stage, where problem-dependent correctors are computed efficiently and
in parallel. This decomposition enables high-accuracy solutions and computational

reuse in multi-query scenarios.

7.1 Introduction

Multiscale methods provide an efficient way to solve challenging PDEs. A few
local basis functions adapted to the problem are constructed offline to provide an
effective model reduction of the equation. One can then use the reduced model
to compute the solution online, possibly with different right-hand sides and in a
way much faster than solving the original equation. This property is beneficial
in multi-query scenarios such as optimal design and inverse problems. Moreover,
multiscale methods are inevitable for challenging problems in rough media and
high-frequency wave propagation since standard numerical methods suffer from a
vast number of degrees of freedom. See examples of the failure of finite element
methods (FEMs) in elliptic equations with rough coefficients [15] and the pollution
effect in the Helmholtz equation [17].



188

In this chapter, we present the framework of ExpMsFEM, the exponentially conver-
gent multiscale finite element method. It is a generalization of the classical MsFEM
[220]. The main contribution of ExpMsFEM is the systematic improvement over
MSsFEM to achieve exponentially convergent accuracy regarding the number of basis
functions. Also, unlike most generalizations of MSFEM in the literature, ExpMs-
FEM does not rely on the partition of unity functions to connect local and global
approximation spaces. Instead, ExpMsFEM uses edge localization and coupling
intrinsic to the non-overlapped domain decomposition to communicate the local

and global approximations.

In the literature, exponentially convergent multiscale methods have been pioneered
in the work of optimal basis [14] based on the partition of unity functions; see
also the developments in [416, 51, 79, 18, , , ]. The work demonstrates
the importance of Caccioppoli’s inequality in establishing exponential convergence;
more precisely, the inequality implies the low approximation complexity of the
restriction operator acting on harmonic-type functions. The theory of ExpMsFEM
is also based on some arguments using Caccioppoli’s inequality. Additionally, since
no partition of unity functions is used, technical tools such as C“ estimates and trace
theorems are needed to analyze ExpMsFEM. ExpMsFEM was the first method to
achieve exponential convergence on Helmholtz equations. We will comment on the
similarities and differences between the optimal basis work and ExpMsFEM at the
end of the chapter. We focus on articulating the main ideas and the computational
framework in the case of 2D stationary problems with homogeneous boundary data.

We provide references for the detailed analysis in the corresponding papers [& 1, 83].

7.1.1 Organization

In Section 7.2, we present the model problem that is the focus of this chapter.
In Section 7.3, we present the motivation and framework of the ExpMsFEM. We
provide numerical experiments to demonstrate the effectiveness of the ExpMsFEM
framework in Section 7.4. In Section 7.5, we discuss related literature, future

possibilities, and open questions.

7.2 Model Problem

Consider the model problem in a bounded domain Q ¢ R¢ with a Lipschitz boundary
I'. Here, d = 2. For generality, the boundary can contain disjoint parts I' = I'; U T3
where '] corresponds to the Dirichlet boundary conditions and I; corresponds to

the Neumann and Robin type boundary conditions.



189

The model equation is:

-V-(AVu)+Vu=f, inQ
u=0, onl} (7.2.1)
AVu-v=_,u, only.

Here, A,V, B are functions in L*(Q) and can be rough, which makes the solution

oscillating and difficult to solve. The vector v is the outer normal to the boundary.

In particular, when V = 0, the equation is the standard elliptic equation [81]. If
Vu = —k?u and u is a complex-valued function, one obtains the Helmholtz equation

[83] with wavenumber k.

The weak formulation of (7.2.1) is given by
a(u,v) = (AVu, W)q + (Vu,v)a — (Bu,v)r, = (f,v)e, ¥v e H(Q), (7.2.2)

where (-, )y is the standard L? inner product on the set X. The space for v is
H(Q) = {w € H'(Q) : w|r, = 0} and the solution u € H(L). The energy norm
Il - [ #(c) is defined as

w340 = (AVw, V) + (IV|w, w)a .

Here, we adopt an abuse of notation that the space can be real-valued or complex-

valued, depending on the context.

A generic assumption for A is 0 < Apin < A(x) < Apax < 0. We will present
more detailed assumptions on V, 8 later in specific problems that our theory in
[81, 83] covers. Indeed, the theory can encompass the case for very general V,
provided that |(Vu,u)|q < Vo(u,u)q for some constant V;y and the PDE satisfies
good stability estimates; see for example the rough Helmholtz example in [83]. In
this review, we mainly focus on the conceptual algorithmic framework of solving
the equation (7.2.1) via ExpMsFEM rather than a detailed analysis of the equation
and the method.

7.3 The ExpMsFEM Framework

In subsection 7.3.1, we discuss the general recipe for solving PDEs as a function
approximation problem. This motivates us to find accurate function representations
to be used in the Galerkin method. We explain how ExpMsFEM manages to get

exponentially convergent representations in subsections 7.3.2,7.3.3,7.3.4 and 7.3.5.
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7.3.1 Solving PDEs as function approximation

By the standard finite element theory (e.g., [43]), when using the Galerkin method
to solve (7.2.2), a key step is to find a function representation, or a space of basis
functions that can approximate the solution accurately. More precisely, suppose the

space is S, then, one usually wants

p(S) = sup inf INCF) = Vil

(7.3.1)
rerznoyvsS  IIf 2

to be small. Here, N : f — u is the solution operator' of (7.2.1).

For example, consider the elliptic equation with V = 0 and I'; = 0. In such
cases, the Galerkin method provides an optimal approximation of the solution in
the space of basis functions with respect to the energy norm [43, §1], due to the
Galerkin orthogonality. Therefore, a small 7(S) directly implies a small error in
the solution. For the Helmholtz equation, similar arguments hold based on the
Garding-type inequality, which leads to the quasi-optimality of the solution; see,
for example, [317, 83]. The failure of many finite element methods in elliptic
equations with rough coefficients [15] and Helmholtz’s equations [17] is due to the
poor approximation property. 77(S) is typically not small if S is the standard finite
element space, such as the space of tent functions.

Conceptually, ExpMsFEM finds an exponentially convergent function representation
of the solution through the following three steps: (1) harmonic-bubble splitting, (2)
edge localization, (3) oversampling and exponentially convergent singular value
decomposition (SVD). We will detail the three steps and discuss relevant rigorous
results at the end of subsections 7.3.2, 7.3.3, and 7.3.4. Then, we summarize the

algorithm in subsection 7.3.5.

7.3.2 Harmonic-bubble splitting

Consider a shape regular and uniform partition of the domain € into finite elements
with a mesh size H. The collection of elements is denoted by 7y = {T}, T3, ..., T} }.
Let &g = {e1, ez, ..., e4} be the collection of edges in the interior of Q. We use
Nu = {x1,x2, ..., X, } to denote the collection of interior nodes. We also use Ey to
denote the collection of interior edges as a set, i.e., Eyg = | ey € C Q. A more

detailed explanation of the mesh structure can be found in [81, 83].

'Sometimes, N is chosen to be the solution operator of the adjoint equation; for example see

[317].
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In each element T € 7y, we decompose the solution u into u = ur} + u? such that

~V - (AVu) +Vul =0, inT
ull =u, on 8T \ (I'; UTy)
ufT‘:O, on 0T NI
AVu9~v:ﬁu9, ondT NIy, (732)
~V - (AVuR) + Vil = f, inT -
ul =0, on T \ (I, UTY)
u?:O, on 0T NI
AVUL v = Bul, on OT N T, .

In short, u? incorporates the interior boundary value of u on the element, while

b
ur

understood in the standard weak sense as in (7.2.2).

contains information of the right-hand side. All equations in (7.3.2) should be

h 4 uP, such that for each T,

We can further define a global decomposition u = u
it holds that u"(x) = u;(x), uP(x) = u?(x) when x € T. Here, the component u;
(resp. uh) is called the local (resp. global) harmonic part, u? (resp. ub) is the
local (resp. global) bubble part, of the solution u. Here, the harmonic part u" is
not necessarily a harmonic function due to the existence of A and V, but it has a
similar low complexity property that a harmonic function has, due to the iterative
argument of Caccioppoli’s inequality first proposed in [14]. We will discuss this

low complexity property in subsection 7.3.4.

h 4+ 4P, the part u® can be directly computed by

Now, in the representation u = u
solving local problems in parallel since the local boundary conditions are all known.

We are left to deal with the part u".

Remark 7.3.1. We discuss several theoretical concerns and possible generalizations

below:

e A sufficient condition for the local components in (7.3.2) to be well-defined
is that the operator u — =V - (AVu) + Vu (as well as the corresponding
boundary conditions) is elliptic in each local element, implied by the Poincaré
inequality. In [S]], we consider elliptic equations with V = 0 and I'; = 0, so
this condition is satisfied. In [53 ], we consider the Helmholtz equation where
V <0,|V] =0(k?®) and Re B = 0,Im 8 = O(k). For such a case, the elliptic
property is guaranteed when H = O (1/k).
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h, uP to be well-defined, we need the condition that

e [Forthe global components u
the solution u is continuous. This can be guaranteed by the C® estimates of

the equation (7.2.1) under the assumptions mentioned earlier; see discussions

in[81, 83].

e We can generalize the above decomposition to PDEs with inhomogeneous
boundary conditions. To achieve so, we incorporate these boundary data into
the equation for uP; see also Section 5.3 in [S3] for a concrete example of

problems with inhomogeneous boundary data.

7.3.3 Edge localization
The next step is to find some local basis functions that accurately approximate u".

ExpMsFEM uses the idea of edge localization to localize this approximation task.

First, we define the “harmonic extension” operator Q,, that maps the edge values
i = uhlEH € H'?(Eg) to u" € H'(Q), through the relation in the first set of
equation in (7.3.2). Here, we adopt the convention that if we write a tilde on the
top of a function, it is the restriction of this function on the edge set. We have that

uh = QEHﬁh = QE, i, since u" and u have the same edge values.

Then, let C(E) be the space of continuous functions on Ey. We consider the edge
interpolation operator Iy : H'/>(Eg) N C(Ey) — H'Y?(Ex) N C(Ex) such that

Ipii = Z a(xi)yi
)C,'GNH

where the edge function J; is linear on Ey and satisfies ; (x ;) = 6;;. Note that by
the convention of our notation we have ¥; = Qg ; € H 1(Q). Tt is worth noting
that y/s are the basis functions used in the vanilla MsFEM.

With the interpolation operator, we can write

Qpyii = Qp, (i — i) + Z u(x;)y; .
XiGNH
Now, the residue & — Iyii is zero at each interior node. This property allows us to
localize the residue to each edge. Indeed, by an abuse of notation, we can write

Oy (i = Iui)) = ) Oy (i = L), , (7.3.3)

ecEy

where we equate the function (i — Iyii)|, that is defined on e to its zero extension
to Ey, so that (i — Iyii)|, € H'/?(Ey) and thus Qk, (i — Ixit)|, makes sense.
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Therefore, we localize the approximation task of ul to Qk, (i — Ixit)|,, which is

defined for each edge e.

Remark 7.3.2. Again, we discuss several theoretical concerns below:

® Once the condition in Remark 7.3.1 is satisfied, the extension operator QE,,

is well-defined because the local equation is elliptic.

® According to the comment in Remark 7.3.1, the solution u is continuous, so

the nodal interpolation Iyii is well-defined.

® One can rigorously show that if we can approximate each local term with

10k, (i — Ini)|. — wellHQ) < €

then the global approximation error satisfies

@k, (4 — i) — Z We”(%—((g) < Ciesh Z 662,

ecEy ecEy

where Cuesh IS a constant dependent on the mesh structure only. In our
previous work [81, §3], we formalize the approximation in the edge space
via the H(l)(/)z(e) norm, which is equivalent to the H () norm here after the
extension by QE,,; see Proposition 2.5 and Theorem 2.6 in [8]]. In this review
chapter, we explain the ideas using Q,, rather than Hé(/)z(e), since the former

is more concise in an algorithm-focused exposition.

We call the step from local approximation to global approximation edge cou-

pling.

7.3.4 Exponentially convergent SVD
Recall that by using the harmonic-bubble splitting and edge localization, we get the

representation

u=u"+uP = Z Qk, (4 — Iyi)|, + Z u ()i + u® . (7.3.4)

ecEpy Xi€NH
ExpMsFEM then relies on oversampling and local SVD to get an exponentially
convergent approximation of each Q,, (i — Iyii)|.. For each e, consider an over-
sampling domain w, D e. Any domain containing e in the interior may be used,

and as an illustrative example, we set

we:U{Te‘ﬁ]:Tﬂei@}.
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Figure 7.1: Illustration of oversampling domains. On the right, we use an edge
connected to the upper boundary as an illustrating example.

An illustration of this choice for a quadrilateral mesh is given in Figure 7.1.

We can view (i — Iii)|, as the image of an operator acting on ul,, € H'(w,). We
denote this operator by R, such that Qg,, (i — Ipii)|, = Qp,Re(u|w,). Now, we
apply the harmonic-bubble splitting in subsection 7.3.2 to the domain w,, which

leads to ul,,, = uge + uff,e. It follows that

Oy (it — Iyit)|o = Qpy Rett)y, + Qry Reul),, - (7.3.5)

The term Reuﬂ,e is arestriction of a harmonic part. As we mentioned at the beginning
of this chapter, one can prove that the restriction operator acting on harmonic-type
functions is of low approximation complexity. More precisely, consider the space

of harmonic parts in w,, defined via

Ulw,) ={veH(w,):—V-(AVy)+Vv =0, in w,
AVv-yv=8v,onl1Now,}.

(7.3.6)

The space is equipped with the norm || - ||#((,,). Then, one can show that the left

singular values (in descending order) of the local operator

QeyRe : (U(we), |l - l1H(we) = (H(Q), [ - l#(@)

decays as A, < C exp(—bmﬁ) in dimension d, for some generic constant C, b
independent of m and H. Equivalently, if we write the left singular vectors as
Ven € H'(Q), which is local and supported in the neighboring elements of the edge

e, then there exists some coeflicient b, ; such that

1
1QE, Reull, — Z bejveil#@ < Cexp(=bm@ ) |ul) llggw, . (7.3.7)

1<j<m
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For more details, see Theorem 3.10 in [83]. Then, summing these local errors up,

we get

Db Wy <2 D Ntlo g,y + 1162, o, )
e€Ey ey (7.3.8)

= O(ulyq + 1122 )
where we used the fact that ||u5,e l#(we) = OUIfl12(w,)) by the elliptic estimate.

Combining the above estimates with edge coupling in Remark 7.3.2, we get the

representation

u=u"+uP = Z Z be,jve,j+ Z u(x;)y; +u"

ey 1<j<m X €Ny (7.3.9)

L
+0 (exp(=bma) (llullpc@) + 111l 2)) -
where u" := uP + YecEy QEHReuE)e is a part that depends on f locally.

Remark 7.3.3. We discuss several theoretical aspects and the implications of the

above representation.

e The proof of the exponentially decaying singular values of Qg,, R, is based on
two steps. The first step is the iterative argument of Caccioppoli’s inequality,
first proposed in [/4] and then refined in [304]. It shows that the singular
values of the restriction operator on U(w,), which restricts a function from
the original domain w, to a subdomain w* O e, decay nearly exponentially
fast. The second step is based on a stability estimate of the operator Qg R,
acting on U(w"); see Lemma 3.10 in [8]] or Lemma 6.1, 6.2 in [57].

e We can understand that the oversampling technique is used to take advantage
of the low complexity property of the restriction operator. Historically, the
idea of oversampling was proposed in [220] to reduce the resonance error in
MsFEM.

® The remarkable thing about the representation in (7.3.9) is the exponentially

decaying error bound.

First, for elliptic equations with rough coefficients, the error bound implies
that these basis functions can capture the behavior of the solution, which is a
hard task for FEMs. Therefore, ExpMsFEM overcomes the difficulty of rough

coefficients.
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Second, for the Helmholtz equation, the stability constant of the solution
operator can depend on k; indeed, this is the main cause of the pollution
effect [17]. Denote the stability constant by Cyqap(k) such that |[ul|# @) <
Cstab (K| f1l12()- A prevalent and reasonable assumption on the constant is
that of polynomial growth, namely Cyyp (k) < C(1+k7) for some constants y
and C; see, for example, [200]. In such case, we can further bound the error
by

L L
exp(=bm @) (lullx @) + 1 f1l2(@) < exp(=bm@T)(C(1+k")+ DI fl12(q) -

Therefore, once the number of basis functions per edge m ~ log“’+1 (k) (log-
arithmically on k only), the approximation error can be uniformly small for
all k. It implies that the quantity n(S) in (7.3.1) is small, which is important
in determining the error of Galerkin’s methods. In this sense, ExpMsFEM
overcomes the difficulty of the pollution effect by using basis functions whose

number scales at most log?*! (k).

® The exponentially accurate representation in (7.3.9) will not be possible if
we do not use terms dependent on the right-hand side. Indeed, using basis
functions independent of f, the optimal approximation error rate will be al-
gebraic if the right-hand side is in L*>(Q) only, due to well-known results in
approximation theory (the Kolmogorov n-width [ 368, 1), see also the com-
plexity analysis of the Green function of Helmholtz’s equation [143]. From
this perspective, we can understand that ExpMsFEM breaks the Kolmogorov
barrier by using nonlinear model reduction [305], i.e., the basis functions

can depend on the input of the model, here the right-hand side.

7.3.5 The solver based on ExpMsFEM

Now, we can use the representation in (7.3.9) to solve the equation efficiently. First,
we form y;, v, ; by computing the local extension Q,; for each node and the
top-m left singular vectors v, j, 1 < j < m of the local operator O, R, for each e;
problems on different nodes and edges are independent and parallelizable. These

become our offline basis functions.

For any right-hand side f, we compute the online part u" by solving local linear

equations involving f. This step can be parallelized.

Then, we form an effective equation for u — u" as

a(u—-u",v)=(f,v)a—au",v), (7.3.10)
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for any v € H (). We solve the equation for u — u" using a Galerkin method. As

an example, using the Ritz-Galerkin method, we choose
S = span {y; forx; € Ny, v, jforl1 < j <m,e € Ey},
and find a numerical solution ug € S that satisfies
a(us,v) = (f,v)e —a(@",v), (7.3.11)

for any v € S. The final numerical solution is given by ug + u". We call u" the

online part and ug the offline part since ug lies in a space that is independent of f.

Note that in the Galerkin method for solving ug, the stiffness matrix only needs to
be assembled once and can be used for different f afterward. We can understand

(7.3.10) as a reduced model of the original equation.

Remark 7.3.4. We discuss several theoretical aspects regarding the effectiveness of

the above method.

® The accuracy of the numerical solution is due to the quasi-optimality property
mentioned earlier in subsection 7.3.1: once n(S) is small, the solution error
is of the same order compared to the optimal approximation using the basis

functions, which is exponentially small according to the representation (7.3.9).

® When the solution is complex-valued, such as in the Helmholtz equations, we
can use both the Ritz and Petrov versions of the Galerkin methods; for the

former, if S # S, we need to replace S by S + S; see discussions in [83].

e One thing worth noting is that ||u"||#(q) is of order O (H), due to the standard
elliptic estimate [81, 83]. Therefore, if we aim for O(H) accuracy only, we
can ignore this part, and simply setting u" = 0 in the above algorithm will

lead to a solution accurate up to O(H).

7.4 Numerical Experiments

In this section, we present some numerical experiments to demonstrate the effec-
tiveness of ExpMsFEM. For all the experiments, we consider the domain Q =
[0, 1] x [0, 1] and discretize it by a uniform two-level quadrilateral mesh; see a frac-
tion of this mesh in Figure 7.2, where we also show an edge e and its oversampling
domain w, in solid lines. The coarse and fine mesh sizes are denoted by H and £,

respectively.
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Figure 7.2: Two level mesh: a fraction

For a given equation, we compute the reference solution uf using the classical FEM
on the fine mesh with a sufficiently small /, which we choose to be &2 = 1/1024.
By a posteriori estimates, we can check that the fine mesh indeed resolves the
corresponding problems; thus, the associated fine mesh solutions could serve as
accurate reference solutions for all of our numerical examples. In our numerical
computation, we solve local problems that are required in the ExpMsFEM framework

using the fine mesh. For detailed implementation, we refer to [81, 83].

Remark 7.4.1 (Accuracy on the discrete level). For simplicity of presentation, we
do not provide error analysis of ExpMsFEM on the fully discrete level, where the
accuracy of the local problems can depend on the resolution of the fine grid. For a
detailed error estimate on the fully discrete level in the context of partition of unity

methods, see, for example, [303, ]

The accuracy of a numerical solution ug, is computed by comparing it with the
reference solution u..¢ on the fine mesh. The accuracy will be measured both in the

L? norm and energy norm:

”uref — Ugol ||L2(Q)

€12 = .
||uref||L2(Q) (7.4.1)
llttrer — usol”‘?‘((g) o
e =
lluretll ()

In subsection 7.4.1, we consider an elliptic equation where the coefficient A(x) is
periodic but contains multiple scales. This example demonstrates the exponential
accuracy of ExpMsFEM. In subsection 7.4.2, we consider an elliptic equation where
A(x) is of high contrast. This example shows the robustness of ExpMsFEM regard-

ing the high contrast. In subsection 7.4.3, an instance of Helmholtz’s equation with
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rough media and mixed boundary conditions is presented. This example illustrates

the effectiveness of ExpMsFEM in solving general indefinite Helmholtz equations.

7.4.1 A periodic example with multiple spatial scales
In the first example, we consider an elliptic problem (V = 0) with multiple spatial
scales. We choose the coefficient A with five scales as follows:
1.1 +sin (2nx1/€1) 1.1 +sin(2nxy/ey) 1.1 +cos (2mx;/€3)
1.1 +sin (2nxy/€1)  1.1+cos (2nxi/ex) 1.1 +5sin (27x3/€3)
1.1 +sin (27x2/€4) 1.1 +cos (2mx;/€s)
1.1 +cos (2nx1/€eg) 1.1 +sin(2mxy/€s)

A(x) =é

+sin (4x3x3) +1) |
(7.4.2)
where x = (x1,x2), €, = 1/5, o = 1/13, €3 = 1/17, &4 = 1/31, 5 = 1/65. We

choose homogeneous Dirichlet boundary conditions, i.e., I, = 0. We set f = —1.

In this example, we illustrate the exponential accuracy and the convergence rate
with respect to the coarse mesh size H. We take H = 271 i =3,4,...,7 and take
m = 1,2,...,6 for each H. The numerical results are shown in Figure 7.3, where

N. = 1/H. We can see an exponential decay of errors for every coarse mesh size

Energy error

Figure 7.3: Numerical results for the periodic example. Left: eqs versus m; right:
€2 VErsus m.

H. For smaller H, the convergence is faster. This can be understood as a finite-
resolution effect. For example, when H = 1/128, there are only H/h — 1 = 7 total
degrees of freedom on each edge, so of course, m = 6 basis per edge would result

in a very accurate solution.

7.4.2 An example with high contrast channels
In the second example, we consider an elliptic problem (V = 0) with high contrast

channels. Let

X :={(x1,x2) € [0,1]%, x1,x2 € {0.2,0.3, ...,0.8}} c [0, 1]?,
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and the coefficient is defined as
1, if dist(x, X) > 0.015
M, else.

Ax) =

Here, M is a parameter controlling the contrast. We visualize log;, A in the left

plot of Figure 7.4 for M = 10°. Again, we choose homogeneous Dirichlet boundary

Rough A(z

6 ) 35
5 ‘ 3
1 : 2.5
3 & :* 2
2 L5
1 : 1
0 ‘l)
6 0.8 1

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.
Lo T

logy a(z)

T2

=
000000
000000
000000
000000
000000
000000
0000 00

Figure 7.4: Left: the contour of log;y A for the high contrast example; right: the
contour of A for the rough media example.

conditions, i.e., I’ = 0, with a non-constant right-hand side f(x) = x‘l‘ - x% +1.

In this example, we illustrate the convergence rate w.r.t the contrast M. We take
different M using the coarse mesh size H = 27 andm = 1,2, ...,7. The numerical

results are shown in Figure 7.5. We observe a consistently exponential error decay

1072x
102 €
5 10
5 5
3 5
10 o
5 -©-M=2"18 6 [|"©-M=2"18
—%—M=2/14 = - 107 Flse—m=2r14
M=2110 X —g M=2110
—B-M=26 \ —B-M=26 : : ]
——M=274 ——M=2r4 T~
10,5 T N N N N 1 0,3 T N N N N y
1 2 3 4 5 6 7 1 2 3 4 5 6 7

Figure 7.5: Numerical results for the high contrast example. Left: eq versus m;
right: e;> versus m.

independent of the contrast. Thus, our method demonstrates robustness with respect
to the contrast A(x). An intuitive explanation for this robustness could be that every
step in ExpMsFEM is adaptive to A(x). For example, the singular value decay

of the operator O, R, would have some robustness regarding high contrasts in
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A(x) because both of the norms in the domain and image of the operator are A(x)-
weighted. We leave the theoretical analysis of deriving an A(x)-adapted estimate

for future study.

Also, we would like to mention that the size & = 1/1024 of the fine mesh can actually
resolve contrasts M = 2* and 26 only; for higher contrasts, a posterior error analysis
shows the reference solution on the fine mesh is not very accurate. However, we
consistently observe a small error in our solution compared to the fine mesh solution,
even in the regime where the fine mesh solution itself is not accurate. This implies
that ExpMsFEM admits a very accurate dimension reduction of the equation on the

fine mesh.

7.4.3 An example of Helmholtz equation with rough field and mixed boundary
In the last example, we consider the Helmholtz equation. This example is the same
as Example 3 in [83]. We present it here to demonstrate that our methods are

effective for complicated coefficients and mixed boundary conditions.

We impose the homogeneous Dirichlet boundary condition on (x,0),x; € [0, 1],
the homogeneous Neumann boundary condition on (x, 1),x; € [0, 1], and the
homogeneous Robin boundary condition on the other two parts of 9Q2. We choose

A(x) to be a realization of some random field; more precisely, we set
A(x) =£(x)[+0.5, (7.4.3)

where the field £ (x) satisfies

PP+l j o j+1

27" 27 X[f’ 27

).

E(x) = anéij+anéiv; +ané ja +anéiv 1, ifx €

Here, {£;,0 < i,j < 27} are i.i.d. standard Gaussian random variables. In
addition, a1y = G+ 1 =2"x))(G +1=2"x2), a1 = 2"x1 =) + 1 = 27x),
an = (i+1-2"x1)(2"x2—j), ary = (27x1—i)(27x» — j) are interpolating coefficients
to make &(x) piecewise linear. A sample from this field is displayed in the right plot

of Figure 7.4.

Moreover, we also take V/k? and B/ik as independent samples drawn from this

random field. We choose the wavenumber k = 2°, the right-hand side f(x;,x) =

4
1

the numerical results in Figure 7.6. Clearly, a nearly exponential rate of convergence

X —xg + 1, and the coarse mesh H = 277, Again, we take m = 1,2, ..., 7 and present

is still observed for this challenging example.
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Figure 7.6: Numerical results for the mixed boundary and rough field example.
Left: eqs versus m; right: e;> versus m.

7.5 Discussions

In this section, we discuss related multiscale methods in the literature; for a more

specific review under the context of the elliptic and Helmholtz equations, see [31,
]. We also outline future possibilities and open questions about ExpMsFEM at

the end of this section.

7.5.1 Related literature
There is a vast amount of literature on multiscale methods and numerical homoge-

nization.

Earlier work mainly focuses on structured A (x) such as in periodic media and with
scale separation; some examples include the generalized finite element methods
(GFEM) [16], the multiscale finite element method (MsFEM) [220, , 1,
the variational multiscale methods (VMS) [227], and the heterogeneous multiscale
method (HMM) [1].

Later on, people are interested in multiscale methods that can address more general

rough coeflicients that lie in L* () only; see, for example, the work of optimal basis

using partition of unity functions [14, 18, , ], harmonic coordinates [360],
local orthogonal decomposition (LOD) [307, , , , ], Gamblets related
approaches [359, , , , , , 80], and generalizations of MSFEM
[216, 87, , ]. Different methods differ in how to find an accurate function

representation. In deriving the function representation in ExpMsFEM, the solution
is first decomposed into a harmonic part and a bubble part. For elliptic equations,
this decomposition is the same as the orthogonal decomposition in previous work

of MSsFEM [216] and approximate component mode synthesis [202, ].
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To the best of our knowledge, among all the previous work, the optimal basis
framework using partition of unity functions (and its variant) is the only one that
achieves nearly exponential accuracy regarding the number of basis functions. Our
ExpMsFEM [81, 83] is motivated by the argument of Caccioppoli’s inequality used
in the optimal basis framework. ExpMsFEM is the first framework that achieves
exponential accuracy without using partition of unity functions and is a direct

generalization of MsFEM.

We comment in more detail on the differences and similarities between the optimal
basis framework and ExpMsFEM. In the optimal basis framework, the exponentially
accurate representation is obtained through the partition of unity functions rather

than the edge localization and coupling in ExpMsFEM. More precisely, one can

u= Z niu = Z niuzi + Z muai , (7.5.1)
i i i

where {n;}; are partition of unity functions subordinate to an overlapped domain
b

wi

write

decomposition {w;}; and ugi,u are obtained by the harmonic-bubble splitting
in w;. The part niu[‘ui can be seen as a “restriction” of harmonic-type functions.
Thus, the argument using Caccioppoli’s inequality implies that this part can be

approximated by basis functions with a nearly exponential convergence rate.

Compared to (7.3.9), the representation (7.5.1) admits better geometric flexibility
since by using partition of unity functions, such representation can work for prob-
lems in general dimensions. The representation (7.3.9) produced by ExpMsFEM is
tied to the mesh structure. When d = 2, we have nodal and edge basis functions in
the representation (7.3.9). When d > 3, we need facial basis functions and so on to
represent the solution; for details see section 7 in [83]. In this sense, ExpMsFEM
removes the partition of unity functions in the overlapped domain decomposition
but pays the design cost of using a more complicated geometric structure in the non-
overlapped domain decomposition. Nevertheless, the benefit of non-overlapped
domain decomposition is that the basis functions are more localized since the lo-
cal domain is smaller. Also, ExpMsFEM does not have the additional parameter
of the partition of unity functions. Some basic numerical comparisons between
ExpMsFEM and optimal basis using partition of unity functions are presented in
[83]. We need a more in-depth comparison between the two approaches to identify

their trade-offs more clearly.
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7.5.2 Future directions

To now, ExpMsFEM has been successfully applied to solve elliptic and Helmholtz
equations. Moving forward, one can extend this idea to advection-dominated diffu-
sion problems, time-dependent problems such as Schrodinger’s equations, and many
other linear equations. Extension to nonlinear equations appears to be nontrivial
since the decomposition used in ExpMsFEM requires linearity of the equation. It
could be interesting to explore the combination of ExpMsFEM and linearization to

provide nonlinear homogenization of these equations.

For the current ExpMsFEM framework, we observe its robustness regarding the high
contrast in the media numerically (subsection 7.4.2), but a rigorous understanding of
such robustness is still lacking. Moreover, a discrete-level analysis of ExpMsFEM

could be helpful for its practical use.

In essence, both ExpMsFEM and optimal basis using partition of unity functions
take advantage of the low approximation complexity structures of the restriction
operator on harmonic-type functions. Finding other novel low complexity structures

is crucial to advance multiscale computation and model reduction.

ExpMsFEM and optimal basis using partition of unity functions imply that non-
linear model reduction can break the Kolmogorov barrier and achieve remarkable
exponential convergence. Embedding this idea to data-driven model reduction or

operator learning also represents an exciting avenue for future work.
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Appendix A

BLOWUP ANALYSIS FOR A QUASI-EXACT 1D MODEL OF 3D
EULER AND NAVIER-STOKES

We study the singularity formation of a quasi-exact 1D model proposed by Hou-Li
in [215]. This model is based on an approximation of the axisymmetric Navier-
Stokes equations in the r direction. The solution of the 1D model can be used to
construct an exact solution of the original 3D Euler and Navier-Stokes equations if
the initial angular velocity, angular vorticity, and angular stream function are linear
in r. This model shares many intrinsic properties similar to those of the 3D Euler and
Navier-Stokes equations. It captures the competition between advection and vortex
stretching as in the 1D De Gregorio [ 114, ] model. We show that the inviscid
model with weakened advection and smooth initial data or the original 1D model
with Holder continuous data develops a self-similar blowup. We also show that the
viscous model with weakened advection and smooth initial data develops a finite
time blowup. To obtain sharp estimates for the nonlocal terms, we perform an exact
computation for the low-frequency Fourier modes and extract damping in leading
order estimates for the high-frequency modes using singularly weighted norms in
the energy estimates. The analysis for the viscous case is more subtle since the
viscous terms produce some instability if we just use singular weights. We establish
the blowup analysis for the viscous model by carefully designing an energy norm
that combines a singularly weighted energy norm and a sum of high-order Sobolev

norms.

A.1 Introduction

Whether the 3D incompressible Euler and Navier-Stokes equations can develop
a finite time singularity from smooth initial data is one of the most outstanding
open questions in nonlinear partial differential equations. An essential difficulty
is that the vortex stretching term has a quadratic nonlinearity in terms of vorticity.
A simplified 1D model was proposed by the Constantin-Lax-Majda model (CLM
model for short) [99] to capture the effect of nonlocal vortex stretching. The
CLM model can be solved explicitly and can develop a finite time singularity from
smooth initial data. Later on, De Gregorio incorporated the advection term into

the CLM model to study the competition between advection and vortex stretching



243

[114, ], see [98] for singularity formation in the distorted Euler equations with
transport neglected and also [215, ] for a related study on the stabilizing effect
of advection for the 3D Euler and Navier-Stokes equations. There have been recent
studies on the effect of advection and vortex stretching in other related models; see
[398] for the generalized inviscid Proudman-Johnson equation, [139] with a Riesz
transform added to the vorticity formulation of 2D Euler equation, and [330] with
advection term dropped in the vorticity formulation of 3D Euler equation. In [353],
Okamoto, Sakajo, and Wunsch further introduced a parameter for the advection term
to measure the relative strength of the advection in the De Gregorio model. These
simplified 1D models have inspired many subsequent studies. Interested readers
may consult the excellent surveys [97, , , ] and the references therein.
Very recently, the authors in [225] established self-similar blowup for the whole
family of gCLM models with a < 1 using a fixed-point argument. On the other
hand, these 1D scalar models are phenomenological in nature and cannot be used to

recover the solution of the original 3D Euler equations.

For the line of research on the singularity formation for the 3D Euler equations,
Luo-Hou [298] presented in 2014 convincing numerical evidence that the 3D ax-
isymmetric Euler equations with smooth initial data and boundary develop a poten-
tial finite time singularity. Inspired by Elgindi’s recent breakthrough for finite time
singularity of the axisymmetric Euler with no swirl and C' velocity [135], Chen
and Hou proved the finite time blowup of the 2D Boussinesq and 3D Euler equations
with C1¢ initial velocity and boundary [72]. For other recent works on singularity
formation of 3D Euler with limited regularity, see also [69, ] for initial data that
is smooth except at the origin, [100] for more smooth data but with a C'/>~¢ force,
and [138, ] for settings with nonsmooth boundary. Very recently, Chen and Hou
proved stable and nearly self-similar blowup of the 2D Boussinesq and 3D Euler

with smooth initial data and boundary using computer assistance [73].

In 2008, Hou and Li [215] proposed a new 1D model for the 3D axisymmetric Euler
and Navier-Stokes equations. This model approximates the 3D axisymmetric Euler
and Navier-Stokes equations along the symmetry axis based on an approximation
in the r direction. The solution of the 1D model can be used to construct an exact
solution of the original 3D Navier-Stokes equations if the initial angular velocity,
angular vorticity, and angular stream function are linear in . This model shares
many intrinsic properties similar to those of the 3D Navier-Stokes equations. Thus,

it captures some essential nonlinear features of the 3D Euler and Navier-Stokes
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equations. In the same paper [215], the authors proved the global regularity of the
Hou-Li model by deriving a new Lyapunov functional, which captures the exact

cancellation between advection and vortex stretching.

The purpose of this chapter is to study the singularity formation of a weak advection
version of the Hou-Li model for smooth data. We introduce a parameter a to
characterize the relative strength between advection and vortex stretching, just like
the gCLM model. Both inviscid and viscous cases are considered. We also prove
the finite time singularity formation of the original inviscid Hou-Li model (a = 1
and v = 0) with C? initial data. Inspired by the recent work of Chen [67] for the De
Gregorio model, we consider the case of a < 1 and treat 1 — a as a small parameter.
For the C initial data, we consider the original Hou-Li model witha = 1 and 1 — «
small. By using the dynamic rescaling formulation and analyzing the stability of
the linearized operator around an approximate steady state of the original Hou-Li

model (a = 1), we prove finite time self-similar blowup.

We follow a general strategy that we have established in our previous works [76, 72].
Establishing linear stability of the approximate steady state is the most crucial step
in our blowup analysis. To obtain sharp estimates for the nonlocal terms, we carry
out an exact computation for the low-frequency Fourier modes and extract damping
in leading order estimates for the high-frequency modes using singularly weighted
norms in the energy estimates. The blowup analysis for the viscous model is more
subtle since the viscous terms do not provide damping and produce some bad terms
if we use a singularly weighted norm. We establish the blowup analysis for the
viscous model by carefully designing an energy norm that combines a singularly

weighted energy norm and a sum of high-order Sobolev norms.

A.1.1 Problem setting
In [215], Hou-Li introduced the following reformulation of the axisymmetric Navier-

Stokes equation:

uy+uuy,+utuy; =2uy +vAug, (A.1.1)
wi tu o +uto ;= (u%) +vAw; , (A.1.2)
Z
— [0+ (3/r)d, + 2] y1 = wi, (A.1.3)

where u; = u®/r, wi =, Y1 =y?/r,and u?, w9, and ¥ are the angular velocity,
angular vorticity, and angular stream function, respectively. By the well-known

Caffarelli-Kohn-Nirenberg partial regularity result [53], the axisymmetric Navier-
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Stokes equations can develop a finite time singularity only along the symmetry axis
r = 0. To study the potential singularity or global regularity of the axisymmetric
Navier-Stokes equations, Hou-Li [215] proposed the following 1D model along the

symmetry axis r = 0:

Uiy +2¢quy; = 20 uy + vy,

Wi+ 21, = (uf) VWL, (A.1.4)
V4
_‘/’l,zz =wi.

Such a reduction is exact in the sense that if (w1, uy, Y1) is an exact solution of
the 1D model, we can obtain an exact solution of the 3D Navier-Stokes equations
by using a constant extension in r. This corresponds to the case when the physical
quantities u? = ruy, w? = rw; are linear in r. We assume that the solutions are
periodic in z on [0, 27r]. We already know from the original Hou-Li paper that this
system is well-posed for C" initial data with m > 1. In [215], the authors also used
the well-posedness of the Hou-Li model to construct globally smooth solutions to

the 3D equations with large dynamic growth.

In two recent papers by Hou [212, ], the author presented new numerical evi-
dence that the 3D axisymmetric Euler and Navier-Stokes equations develop potential
singular solutions at the origin. This new blowup scenario is very different from the
Hou-Luo blowup scenario, which occurs on the boundary. In this computation, the
author observed that the axial velocity u* = 2y/| +ry1 , near the maximal point of
is significantly weaker than 2¢1. This is due to the fact that y| reaches the maximum
at a position r = ry, that is smaller than the position r = r, in which u; achieves
its maximum, i.e. ry < r,. Therefore ¥, is negative near the maximal position
of u;. Thus the axial velocity u* is actually weaker than 21, which corresponds to
u*|;=o. Thus, the original Hou-Li model along r = 0 does not capture this subtle
phenomenon, which is three-dimensional in nature. To gain some understanding of

this potentially singular behavior, we introduce the following 1D weak advection

model.
up+2ayu, =2uy, +vu,,,
Wy +2aYw, = (uz) +vw;, , (A.1.5)
Z
Y =w,

where a is a parameter that measures the relative strength of advection in the Hou-Li

model.
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Remark A.1.1. For simplicity, we drop the subscript 1 in the above weak advection
model. The proposed model (A.1.5) in the inviscid case v = 0 resembles the

generalized Constantin-Lax-Majda model (gCLM) [353]
W + AUWy = Uy , uy,=Hw,

where

Hw(x) = %p.v./R;UEy))} dy

is the Hilbert transform. They share similar structures of competition between
advection and vortex stretching. The case when a = 1 corresponds to the De
Gregorio (DG) model. We obtain an explicit steady-state to the inviscid Hou-Li
model (A.1.4) (w,u,¥) = (sinx,sinx,sinx), similar to the steady state (w,u) =
(= sinx, sinx) of the DG model on S'. Many of the results we present in this chapter

have analogies for the gCLM model; see in particular [67, 65].

A.1.2 Main results
We summarize the main results of the chapter below and devote the subsequent
sections to proving these results. Our first result is on the finite-time blowup of the

weak inviscid advection model; for its proof see Section A.2 and A.3.

Theorem A.1.2. For the weak advection model (A.1.5) in the inviscid case v = 0,
there exists a constant § > 0 such that for a € (1 — 6, 1), the weak advection model
(A.1.5) develops a finite time singularity for some C* initial data. Moreover, there
exists a self-similar profile (We, Woo, Weo) corresponding to a blowup that is neither

expanding nor focusing. More precisely, the blowup solution to (A.1.5) has the form

Weo , U(x,1) = ;um S Wx,t) = ;lﬁm )

w(x,t) = ————
(1) I+ ¢y oot 1+ ¢y oot 1+ cy oot

-1

u,00

for some negative constant ¢, with a blowup time given by T =

Remark A.1.3. Such self-similar blowup that is neither expanding nor focusing is
observed numerically for a € [0.6,0.9]. See also a similar phenomenon observed
for the gCLM model in [300] for a € [0.68,0.95]. The blowup result for the gCLM
model has been proved in [68] for a sufficiently close to 1. We remark that for a
very close to 1, since we can show that ¢, « =2(a — 1) + o(a — 1), the blowup time
becomes very large due to the very small coefficient 1 — a in the vortex stretching
term which slightly dominates the advection term. It would be extremely difficult to

compute such singularity numerically since it takes an extremely long time for the



247

singularity to develop. For a below a critical value ay, i.e. a < ag, we observe that

the weak advection Hou-Li model develops a focusing singularity.

The second result is on the blowup of the original Hou-Li model with C“ initial data;
for its proof see Section A.4. In [137], the authors made an important observation
that advection can be weakened by C* data. Intuitively if u = O(x®) in the origin,
since i is C2, we have that yu, ~ aay,u near the origin, the vortex stretching term
is stronger than the advection term if @ < 1. See [76, 67] on results of blowup of

the DG model with Holder continuous data.

Theorem A.1.4. Consider the Hou-Li model (A.1.4) in the inviscid case v = 0.
There exists a constant 6o > 0 such that for a € (1 -0, 1), (A.1.4) develops a finite
time singularity for some C? initial data. Moreover, there exists a C* self-similar
profile corresponding to a blowup that is neither expanding nor focusing, similar to
the setting in Theorem A.1.2.

Remark A.1.5. This theorem establishes blowups of type C® for any « close to 1,
which of course implies blowups in less regular classes since C* c C*! for a; < a.
The regularity of the profile determines the speed of the blowup since our constructed
C? profile has blowup time T = O(—1/(2(a — 1))). We remark that however, we do
not have blowup for data intrinsically in a low regularity class C€ for € close to 0;
that is, data that is C¢ but not in any higher C® classes. We conjecture that such

blowup might be focusing, which is beyond the scope of this chapter.

Remark A.1.6. The above two theorems imply that the result of the wellposedness
in [215] of the Hou-Li model for C' initial data is sharp. As long as the advection
is weakened or slightly less smooth data is allowed, we would have a self-similar

blowup.

The third result is on the finite-time blowup of the weak advection model with
viscosity. The dynamic rescaling formulation implies that the viscous terms are
asymptotically small. Thus, we can build on Theorem A.1.2 to establish Theorem
A.1.7. We remark that there is no exact self-similar profile due to the viscous term.
We will provide more details of the blowup analysis for the viscous case in Section
AS.

Theorem A.1.7. Consider the weak advection model (A.1.5) with viscosity. There
exists a constant 61 > 0 such that for a € (1 — 81, 1), the weak advection model

(A.1.5) develops a finite time singularity for some C initial data.
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We use the framework of the dynamic rescaling formulation to establish the blowups.
This formulation was first introduced by McLaughlin, Papanicolaou, and co-workers
in their study of self-similar blowup of the nonlinear Schrodinger equation [315,

].  This formulation was later developed into an effective modulation tech-
nique, which has been applied to analyze the singularity formation for the nonlinear
Schrédinger equation [246, ], compressible Euler equations [49], the nonlinear
heat equation [324], the generalized KdV equation [308], and other dispersive prob-
lems. Recently this approach has been applied to prove singularity in various gCLM
models [76, 67, 68] and in Euler equations [135, 72, 73]. Our blowup analysis
consists of several steps. First, we use the dynamic rescaling formulation to link
a self-similar singularity to the (stable) steady state of the dynamic rescaling for-
mulation. Secondly, we identify, either analytically or numerically, an approximate
steady state to the dynamic rescaling formulation. Thirdly, we perform energy esti-
mates using a singularly weighted norm to establish linear and nonlinear stability of
the approximate steady state. Finally, we establish exponential convergence to the

steady state in the rescaled time.

The crucial ingredient of the framework is the linear stability of the approximate
steady state, and we usually adopt a singularly weighted L?-based estimate. To
avoid an overestimate in the linear stability analysis, we expand the perturbation
in terms of the orthonormal basis with respect to the weight L norm and reduce
the linear stability estimate into an estimate of a quadratic form for the Fourier
coefficients. We further extract the damping effect of the linearized operator by
establishing a lower bound on the eigenvalues of an infinite-dimensional symmetric
matrix. We prove the positive-definiteness of this quadratic form by performing
an exact computation of the eigenvalues of a small number of Fourier modes with
rigorous computer-assisted bounds, and treat the high-frequency Fourier modes as
a small perturbation by using the asymptotic decay of the quadratic form in the

high-frequency Fourier coeflicients.

A.1.3 Organization of the chapter and notations

In Section A.2, we introduce our dynamic rescaling formulation and link the blowup
of the physical equation to the steady state of the dynamic rescaling formulation.
The linear stability of the approximate steady state is established. In Section A.3, we
establish the nonlinear stability of the approximate steady state and the exponential
convergence to the steady state, which proves Theorem A.1.2 and the blowup for

the weak advection model. In Section A.4, we prove Theorem A.1.4 and establish



249

blowup for the original model with Holder continuous data. In Section A.5, we
prove Theorem A.1.7 by designing a special energy norm to estimate the viscous
terms. We provide the crucial linear damping estimates in the Appendix using

computer assistance.

Throughout the article, we use (-,-) to denote the inner product on S': (f,g) =
/_ 7; fg. We use C to denote absolute constants, which may vary from line to line,
and we use C (k) to denote some constant that may depend on specific parameters
k we choose. We use A < B for positive B to denote that there exists an absolute
constant C > 0 such that A < CB.

A.2 Dynamic Rescaling Formulation and Linear Estimates

A.2.1 Dynamic rescaling formulation

We will establish the singularity formation of the weak advection model by using
the dynamic rescaling formulation. We first consider the inviscid case with v = 0.

For solutions to the system (A.1.5), we introduce

i(x,7) = Cu(Du(x, 1(7)), &, 7) = Cu(Dw(x,1(1), F(x, 1) = Cu(T)(x,1(1)),

where . -
C,(1t) =exp (/ cu(s)ds) , Hr1)= / C,(s)ds.
0 0

We can show that the rescaled variables solve the following dynamic rescaling

equation
iy +2ayii, = 2iif, + c i,
Br + 2006, = (uz) +eud, (A2.1)
_‘Zxx —w.

Remark A.2.1. We do not rescale the spatial variable x, since we are interested in
a blowup solution that is neither focusing nor expanding within a fixed period. The

scaling factors for u, w, ¥ are thus the same.

When we establish a self-similar blowup, it suffices to show the dynamic stability
of equation (A.2.1) close to an approximate steady state with scaling parameter
¢, < —€ < 0 uniformly in time for a small constant €; see also [76]. In fact, it’s easy
to see that if (&, @, ¥, c,) converges to a steady-state (oo, Weos Weos Cu.c0) OF (A.2.1),
then

1 1 1
’t = o0 7t = (oo i) ,t = [oely)
w(x.1) 1+ cu,mtw u(x, 1) I+ cu,ootu v(x0) 1+ cu,mtw
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is a self-similar solution of (A.1.5).

From now on, we will primarily work in the dynamic rescaling formulation and use
the notations that & = & + i1, where i is the approximate steady state that we perturb

around and 7 is the perturbation. Notations for variables @ and ¢ are similar.

A.2.2 Equations governing the perturbation
We use the steady state corresponding to the case of @ = 1 to construct an approxi-

mate steady state for (A.2.1).

@=sinx, #@=sinx, Y =sinx, ¢,=2(a-1y,(0)=2(a-1).

A

We consider odd perturbations 7, @, . The parities are preserved in time by
equation (A.2.1). We use the normalization condition as ¢, = 2(a — 1)i/(0). This

normalization ensures that iz, (0) + i1, (0) is conserved in time.

To simplify our presentation, we will drop the”in the perturbation # and use u for i,
w for &, Y for . Now the perturbations satisfy the following system
ur = —2asinxuy, —2a cosxyy + 2u cos x + 2 sinx, + c,u + c, it + Ny + Fp,
Wr = —2asinxwy, —2a cosxy + 2ucosx + 2sinxu, + C,w + c,0 + No + F> ,

Yy = w,
(A.2.2)

where Ni, N and F|, F, are the nonlinear terms and error terms defined below:
Ni=(cy+2¢)u —2ayu,, Nr=c,w+2uu,—-2apwy,

Fi = (6,+2¢)i—2ayii, = 2(a—1) sinx(1—-cosx), F = ¢,@+2ii,—2ayd, = F; .

We further organize the system (A.2.2) into the main linearized term and a smaller

term containing a factor of a — 1:

MT:L1+(CI—1)L/1+N]+F1,

wr =L+ (a - 1)L/2 + Ny + F, (A23)
Yy =w.
where
Ly =-2sinxu, —2cosxy +2ucosx + 2 sinxyy ,

L = =2sinxu, — 2 cosxy + 2u + 2 (0) sinx,

Ly = -2sinxwy —2cosxy + 2u cosx + 2 sinxuy ,
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L, = =2sinxwy — 2 cos xy + 2w + 2, (0) sinx .

To show that the dynamic rescaling equation is stable and converges to a steady state,
we will perform a weighted-L? estimate with a singular weight p and a weighted L?

norm 1
= o _(£2 /2
27(1 — cos x) ’ ”f”,D (f5p)'~.

For initial perturbation with u, (0, 0) = 0, we have u, (0, 7) = 0 for all time and

Jo,

EX(r) = 3 (. p) + (@)

is well-defined. We will first show that the dominant parts L; and L, provide

damping. The following lemma is crucial and motivates the choice of p.

Lemma A.2.2. We have the following identity

1
<mmﬁjm=5u%m,

which can be verified directly by using integration by parts.

A.2.3 Stability of the main parts in the linearized equation
In order to extract the maximal amount of damping, we will expand the perturbed
solution in the Fourier series and perform exact calculations. We first explore the

orthonormal basis in L?(p).

Lemma A.2.3. For the space of odd periodic functions on [0, 2r], we describe a

complete set of orthonormal basis {0} in L*(p)
o* = sin(kx) —sin((k = Dx), k=1,2,---

Similarly, for the space of even periodic functions that lie in L?>(p), we describe a

complete set of orthonormal basis {e*}

eX = cos(kx) —cos((k+1)x), k=0,1,---

Now we are now ready to establish linear stability.

Proposition A.2.4. The following energy estimate holds for the leading linearized

operators

dE; = ((L1)x, uxp) + (L2, wp) < =0.16[(ux, uxp) + (w, wp)] .
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Proof. Consider the expansion of w, u,, and u in the orthonormal basis
a):Zakok, u :Zbkok, Uy = chek.
k>1 k>1 k>1

Note the summation index for u, satisfies k > 1 since we can easily see that

1 2n
(MXanp)zz_/ uy=0.
T Jo

We first express by in terms of ck. If we insert the expression of the basis into u,

take derivative and compare the coefficients with the expansion of u,, we get

i
Ci = Z bk — ib,‘+1 .
k=1

Therefore we can solve

i—1
Ck Ci
bt =by— Y — L
+ 1;1((1”1) i

Moreover, we have the compatibility condition u, (0) = > ;5o bx = 0. Therefore we

can solve b and obtain

Ck Ci-1
b; = - , A24
; k(k+1) i ( )

where we define cg = 0.

Now we write out the terms explicitly using the expansions

dE| = 2(—usinx — uy, sinx, uyp) + 2(Sin xyy + Sin Xy, Uy p)
+ 2(—=sinxwy, — cos xy, wp) + 2(u cos x + sin xuy, wP)

= —[(uy, uyp) + (w, wp) + (u,up)] +2[—(cos xyr, wp) + (sinxy, u,p) + (ucosx, wp)] .

Here we use the crucial Lemma A.2.2 to extract damping on the local terms and
the Biot-Savart law —¢/,, = w to cancel the effect of the nonlocal terms sin x¢/,, in

(L1)x and sin xu, in L,. Next, we calculate the remaining nonlocal terms explicitly.

~2(cosx, wp) = (2(1 = cosx wp) - 20 wp) = ~ (@) 20, wp).

We express w and ¢ both in terms of orthonormal basis o*

corresponding to the
weighted norm and the canonical basis sin(kx) corresponding to the (normalized
by %) L? norm.

w= Z(ak — ag+1) sin(kx),

k>1
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where we denote ag = 0. Therefore

U= Z ak s1n(kx)

k>1

v = ZZ“J il ke

k>1j>k

Furthermore, we collect

Therefore we can compute explicitly that

—2(cosxyr, wp) = Z M ZZak Z 4 a]+1 .

i1 =1 jk J?
We use integration by parts similar to Lemma A.2.2 to obtain

2[(sinxy,uxp) + (ucosx,wp)] =2(cosxw + ¢ — sinxyr,, up) =2(T,, up) .

We further have
. k-1 . .
Z(ak — ak+1) sm((k - 1x)+ sin((k + 1)x) + yE sin(kx)]
k=1
k+2 ap — A+l k-2
: ; sin(kx)[ 2(k )(ak+1 Qi) + =g g (et — @)
—Z +(;+i)a +(k+1+ ! —i)a
- 2(k Ik Tk 2k T v 2 k207
+ (= - —) jlo*,
2
12;11 1)

where the terms involving ﬁ in the summand is regarded as O for k = 1. Therefore

we collect explicitly that

dE, =Z{—(a§+b§+ci)+w—2akZ’_—2’“+2bk[ a1

2 _
k>1 k j>k J 2(k-1)
1 1 k +1 1
+(W )ak+( (k+1)2 k2)ak+1+ Z (—2— 1)2) i
_]>k+1
Substituting (A.2.4) into the above and we can simplify
1 1
dE 1+ 21+ ———) +2 —_—
1= ;{ak( k2 1)2)+Ck( +k(k+1))+ Ukt =
1 1 142k - k* k2 —k—1
+2 (= +2 +2
ak,;m WG 1>2) G D TR (e
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After this explicit computation, we notice that the damping estimate in Proposition
A.2.4 can be castinto an estimate of a quadratic form; see (A.2.5), which is equivalent

to a lower bound on the eigenvalues of an infinite-dimensional symmetric matrix.

1 1
F(a,c) = 2(0.84 + — —
(0= L0 - G

1 1
k(k+1) (k +1)2
1 1 1 +2k — k? kK2—k-1
+2 (————)+2 b ) -
ak;maf(ﬂ G-12 T P e )

k+2 1
_2 LT Y dagej ) 2 0.
ak+20k2(k+1)2 2, akc]]-(j+1)}

) +¢7(0.84 +

) +2aiag

(A.2)5)

We notice that the entries decay fast. Therefore the strategy to prove (A.2.5) is
to combine a computer-assisted estimate of the eigenvalues of its finite truncation
with a decay estimate of the remaining part. We will defer the proof of (A.2.5) to
the Appendix, see Lemma A.6.1 and the proof. Thereby we conclude the linear

estimate. O

A.3 Nonlinear Estimates and Convergence to Self-similar Profile
A.3.1 Nonlinear stability
By Proposition A.2.4 and equation (A.2.3), we have

1d
EEEZ(T) < —0.16E%(7) + (a — D[((L))x, uxp) + (L}, wp)] (A3D)
+ ((NDx, uxp) + (N2, wp) + ((F1)x, uxp) + (F2, wp) .

We first provide some estimates about the weighted L? norm and L™ norm of some

lower-order terms.

Lemma A.3.1. The following estimates hold
1. Weighted L* norm:
”'/’”p, v — 'ﬁx(o)”p, ”””p S E.

2. L*® norm: ’
Nxllcos | =——=1lco» l[tt]|cc < E.
sinx
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Proof. For (1), we use the setting of the Fourier series approach as in the proof of

Proposition A.2.4 and pick up the notation there.

I = 0O = 300, F= < 3 3 a 2<—+Z<——m>)

k>1 j>k k>1 j>k
2
WD 2~||cu||,
j>1 k>1

where we have used the Cauchy-Schwarz inequality. We can similarly estimate
ll¥]l,- Then we get

1
2 _ 2 _ 2 2 _ 2
lul2 = > b2 = T S > 2= lugll?

j>1 j=1 j=1

For (2), we first compute using Fourier series similar to (1)

a; — ajyl
Ue(0) = 3 == 5 ol

j=1

Next, we estimate

[¥x = ¥ (0)[loo S [Wxll1 < Ml -

Similarly, we obtain the estimate for ||u||c. For || s}‘gx ||, since ¢ is odd and periodic,

we have ¥ () = ¥(0) = 0 and only need to estimate this norm in [0, 7]. Since

2 =min{x, 7w — x} in [0, 7], we have ”s:flx”m < |[¥«|le by Lagrange’s mean

sinx >

value theorem. O

Combined with the damping in Lemma A.2.2, we further obtain

((L))x, uxp) = 2(— €O Xty — SIN Xityy + SINXY — COS XYy + Uy + Y (0) COS X, Uy p)
S B2+ (IlWlly + e = v (O)Ip)E < E?,
(Ly, wp) = 2(=sin xw,—cos xr+w+, (0) sinx, wp) < EX+(1Yll+(ODE < E*
((F)x,uxp) S la-1E, (F,wp) < la-1lE,
((NDx, uxp) = 2(=wu + (1 = a) (Y = ¥ (0))ux — @ity uxp)
S EX(IWalleo + llulleo) + 1, (wp)0)

2 v 3
S E“(IWxlloo + tlleo + l=—le0) S E”,
Sinx

(N2, 0p) = 2((a=1h O+ttt 0p) < B2ttt L lle) < B2
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Therefore we have
d

d—E(T) s—(0.16—C|a—1|)E+C|a—1|+CE2. (A.3.2)
T

We can perform the standard bootstrap argument to show that there exist absolute
constants 6, C > 0 such that if |[a — 1| < 6 and E(0) < C|a — 1], then we have
E(1) < Cla — 1] for all time. In particular ¢, = O(|Ja — 1|*) and ¢, + ¢, < O.

Therefore we prove that the solution blows up in finite time.

A.3.2 Estimates using a higher-order Sobolev norm
In order to establish convergence of the solution to a steady state, we need to estimate
weighted norms of u; and w;. As was pointed outin [68], we need to provide stability
estimates of the equation in higher-order Sobolev norms to close the estimate. In
particular, we choose

K*(7) = 1D} + IDs0ll}

where we denote D, to be the operator sin xdx.

Remark A.3.2. This choice of weighted norms is again motivated by the local
linear damping estimates. We recall that the leading order terms of the local
terms in the linearized operators (Ly)y, Ly are =2Du, and —2D,w, and we have
2(D.f, fp) = (f, fp). Therefore in this new weighted norm, the combined terms

would again give damping

(2D, Dy, Dyuxp) + (2D Dw, Dywp) = —K?. (A.3.3)

‘We now obtain

1d
EEl@(r) < (Dy(L\)x, Dyttyp) + (DxLa, Dywp) + (D (Ni)yx, Dyitep)

+ (DxN2, Dywp) + (a — 1) [(Dx(L))x, Dxuxp) + (DL}, Dywp)]
+ (Dy(F)x, Dxttxp) + (DyFo, Dywp) .

We will denote the terms that have || - ||, norm bounded by E as Lo.t.. The bound
IDx[f8lllp < (I fell2+ 1 fll2)  forg =1,cosx,sinx

combined with the oddness of ¥ and u would imply that D, [fg] is Lo.t. for f =
W,y u and g = sinx,cosx, 1. Therefore combined with (A.3.3), we have the

following estimate for the main term

dKy = (Dx(L1)x, Dxuxp) + (DL, Dywp),
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dK; < -K? - 2(Dy[sinxw], Dyuyp) + 2(DxDyu, Dywp) + CEK
= —K? — (sin 2xw, Dyup) + (sin 2xuy, Dywp) + CEK
< -K*+CEK,
where we have again used a crucial cancellation in the equality, similar to that of

dE | in Subsection A.2.3. We estimate the rest of the terms similar to the nonlinear

stability estimates in (A.3.1).
(Dy(L})x» Dyttyp) + (Dy Ly, Dywp) < K* + EK,

(Dx(F1)x, Dxuyp) + (DyxFp, Dywp) < la—1|K,
(DX(NI)X’ Dxuxp) < EK2 + |(_2WDxu + 2(1 - a)Dx'//xux —2ayDuiyy, Dxuxp)l
< EK? + || sinxuy || EK + |(u§x, (¥ sin xp)y)|

< EK(K+E) + K2 - |l 5 EK(K + E),
sSin x
(DyN>, Dywp) < EK? + |(2Dyuuy — 2ayDywy, Dywp)| < EK(K + E),

where we have used integration by parts and the estimate

Il sinxtty||oo < || SIN X1k |1 + || COS XUL|[1 < ”Dxux”p + ”upr SE+K.

We can finally prove that
d
d—K(T) <-(1-Cla-1))K+CE+Cla-1|+CE(E+K).
T
Therefore combined with (A.3.2), we can find an absolute constant u > 1 such that
d 2
d—(K+,uE) <—01-Cla-1])(K+uE)+Cla-1]+C(K + uE)~.
-

By using a standard bootstrap argument, there exist absolute constants 69 < 9, C > 0,
if |a—1| < dpand K(0) + uE(0) < Cla — 1|, then K(7) + uE(7) < Cla — 1] for all

time.

A.3.3 Convergence to the steady state
We estimate the weighted norm of w- and u. , and then use the standard convergence

in time argument as in [76, 68].

P(0) = 3 ) + (02 ).
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Applying the estimates of %E to %J , we can get damping for the linear parts, and
the small error terms corresponding to @ and i vanishes. Therefore we yield
55‘] < _(016 - Cla - ll)J + ((Nl)'r,x, u‘r,xp) + ((NZ)T9 wtp) .
Using estimates similar to Lemma A.3.1 and nonlinear estimates in (A.3.1), we get
((NDros Urxp) S EJ* + (Wrttans i xp) S EJ* + Iy sinx||, < (E + K)J?.

(N2)r, wep) $ EJ? + (Yrwy, wep) S EJ? + |l sinxll, < (E +K)J?.

Combined with the a priori estimates on E + K, we can establish exponential
convergence of J to zero. Then we can use the same argument as in [76, 68] to
establish exponential convergence to the steady state and conclude the proof of
Theorem A.1.2.

A.4 Blowup of the Original Model with Holder Continuous Data

In this section, we follow the strategy of the linear and nonlinear estimates of the
weak advection model in Sections A.2 and A.3, and establish blowup of C* data
for the original model (A.1.5) with a = 1. Here @ < 1 is close to 1. Many of
the ideas are drawn from the paper [67] and we only outline the most important
steps. Intuitively, C* regularity of the profile weakens the advection and therefore

contributes to a blowup in finite time.

A.4.1 Dynamic rescaling formulation around the approximate steady state
Before we start, we will solve the Biot-Savart law of recovering  from w with odd

Ssymmetry.

Lemma A.4.1. Suppose that w, ¥ are odd and periodic on [—n, wt], with =, = w.
Then we solve y(0) = —% f02ﬂ yw(y) and obtain

v = / (v = 0w(y)dy + x,(0) (Ad1)
0

The proof of this lemma is straightforward by integration in x.
We construct the following approximate steady state with C* regularity for (A.2.1).

l+a
2

@q = sgn(x)|sinx|?, iy = sgn(x)|sinx| 2 , Cuq = (@ —Da,(0),

where i, is related to @, via (A.4.1). We consider odd perturbations u, w, . The

odd symmetry of the solution is preserved in time by equation (A.2.1). We will use
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the normalization condition as ¢, = (@ — 1)y, (0), which ensures that u# vanishes to
a higher order at all times so that we can use the same singular weight p. In fact we

compute using (A.2.1) and the normalization conditions that

. dg(x) +u(x, 1) . e (x) +u(x,0)
lim e = lim Ta .
x—0 X2 x—0 X2

Therefore if we make the initial perturbation u(x, 0) vanish to order 1 + @ around

the origin, u(x, 7) will also vanish to order 1 + « for all time.

Now similar to what we obtain in (A.2.2), the perturbations satisfy the following

system
ur =L +R1,a +N1,a+Fl,a’

wWr=Ly+Roog+Noy+Fory, (A4.2)

Y =W,
where we extract the same leading order linear parts as in (A.2.3), while the nonlinear
and error terms change and the residual error terms Ry ,, R , model the discrepancy
between our approximate profile with C* regularity and the steady state profile
@ =i =y =sinx. Define Yres = Yo — ¥, Wres = @gq — @, Ures = g — . We can

express R; , and F; , as follows
Rl,a = —2Wresy — 2”res,xl// + 2L“/’res,x + 2Urestfy + Cu,qU + Cylly
R2,a = _2wreswx - 2wres,xw + 2uures,x + 2Uyesity + Eu,aw + Ccuy ,
Nig = (cu+ 20 )u — 24uy, Ny = cuw + 2uuy — 2wy,

Fl,a = (c_u,a' + zﬁa,x)ﬁa - 2’~Zafﬁcx,x s FZ,a = c_u,a/a_)cx + 2120'12[1,)6 - 2&(1/(1_)6,)6 .

Before we perform our energy estimates, we will obtain some basic estimates of the

residues.
Lemma A.4.2. The following estimates hold for k = % < % <a<l.
1. Pointwise estimates of the residues:
|0LWres| + |Ohttres| S l@ = 1]|sinx|[*™", i=0,1,2,3,

”wreslloo + ”wres,x”oo < |a' - 1| .

2. Refined estimates using cancellations:

a—1_ ) ) a —
|Tua,x—smxuresgxx|+| sinxOx|

ﬂa,x_Sinxures,xx]l < |a_1|1/2|x|| Sinx|a_1 .
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Proof. The first part of (1) and (2) can be proved by using direct calculations, and
we refer to Lemma 6.1 in [67] for details. There seems to be a typo in (6.11) in [67]
where @, should have been @, . Furthermore, by the expression in Lemma A.4.1

we get the second part of (1). O

Similar to the weak advection case, we define the energy E(1) = 1((u2,p) +
(w?, p)) . We will estimate the growth of E (7). The leading order linear estimates
Ly, L can be obtained in Proposition A.2.4. The estimates for the nonlinear terms
Niq, Ny, follow almost exactly the same as the weak advection case by using
Lemma A.3.1.

A.4.2 Nonlinear stability

By the computation in the previous subsection, we get

1d
Ed_EZ(T) < _0-16E2+CE3+((R1,0')X» uxp)"'(RZ,a/, wp)'l'((Fl,a)x, uxp)"'(FZ,a" (,Up) .
T

Further, we get

((Rl,a/)xa Mxp) < (_2l/’resuxm I/lxp) + (Cu’za,x - Zures,xx'/’, uxp)

+ ([|wres|loo + [|Ures||oo + Cla = 1|)E2 .

For the first term, we can use integration by parts and Lemma A.3.1 to obtain

2 2
CE* (IWresillco + 1 = lleo) S [WrresxlleaE?
Smx

For the second term, we compute

Cu’/_toz,x - 2’/‘res,xx‘p = l//x(o) [(a - 1)’2(1,)6 -2 Sinxures,xx] + 2’/tres,xx(Sinx‘;bx(O) - '/’) .

Thus by Lemmas A.3.1 and A.4.2, we have

sinxy, (0) — ¢

— 1/2
lCuttax — 21/‘res,xx‘,0||,o < Ela - 1| /24 la — 11]] -
| sin x|x

lo.  (A43)

Finally, for |x| > /2, we have

sinxy, (0) —

| sin x|x

4
| | < (O + [ =——llo < E.
sin x

For |x| < 7/2, we use Lemma A.4.1 and | sinx| > 2/x|x| to obtain

Sinxwx(o) -y

x2

sinxyx(0) — ¢ _

|sinx]x 7 | (sin- _X)%(O)|+|fo o _X)w(y)l <SE

x2 x2

| <|

b
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A\

where we have used the bound [|w/x||1 < |[w/x|l2 < llwl|l, in the last inequality.
Thus we yield

((Rl,a))ﬁ Mx,D) |a' - 1|1/2E2 .

N

Similarly we get
(R2.0,wp) < (— ZSILwresx sinx, wp) + (cu@q, wp) + Lutres <, wp) + Cla — 1|1E2 .

For the first two terms, we can estimate them using Lemmas A.3.1 and A.4.2. For

the third term, we use Hardy’s inequality to derive
. 2
lustres xllp/la=11 < [lu/x/sinxll2 < [Ju/x"|l2+|lu/(7=x)ll2 < llux/x[l2H]uxll2 < E .

Therefore we have
(Roawp) <l — 1]E?.

For the error terms, we can just perform standard norm estimates. We focus on the
pointwise estimates for x > 0 and the case x < 0 follows by using the odd symmetry

of the solution.

Fro = (@ = D)fa(0)sin® x + (a + 1) cos x sin® x — 20 (e + sinx) cos x sin? ™! x

= (a = 1)(Yax(0) — cosx) sin® x — 2« Yires cosxsin® x .
sinx
Therefore, we obtain
v
|F2ellp S la— 1]+ Irles lo S l@—1].

Similarly, we have

2
a‘—1 . a1 - - COSX al
(F1o)x = 7 sin' 2 xcosx[Yqx(0) — ¢y sinx] +sin 2 x[(a+ 1)y, —2sin® x] .

Further, we obtain the following estimate:

”(Q"'l)l/;a/_zsmax”oo < |la— 1|||l/;(l||oo +2|[Yrres |l oo + 2| sinx —sin® x||leo < @ —1],

- COSX COS X

W(yx(o) wa/ - = (1_COSX)+1//resx(O)_l//res._
sin x
= (1= cos0) (14 550 4 g (0) - 57
sinx
Combined with the estimate similar to that in (A.4.3), we get
COSX lﬁres wres

_ _ 1 -
[0 (0) T — 192l < |l (1425 ot s (0) = 222 o &
Sin x X
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Therefore we yield
I(Fra)sllp < lo =11

Collecting all the estimates of the residues and the error terms, we arrive at
d
—-E(1) < =(0.16 - Cla - 11'?)E + CE*> + Cla - 1].
-

Similar to Subsection A.3, we can perform the bootstrap argument to conclude

finite-time blowup.

A.4.3 Estimates in higher-order Sobolev norms and convergence to steady
state

Following the ideas in Subsection A.3.2, we can perform estimates in higher-order
Sobolev norms and then close the estimates to establish convergence to a steady
state. We use the same energy K and only sketch the main steps here. We first have

from Subsection A.3.2 the estimates of L; and N; and obtain

1d
id—Kz(T) < —K?+CEK + CEK? + ((R1 o )xx, SIn* Xitcp)
-

+ ((R2.0)x> sin? xwyp) + ((F1,a)xxs sin? Xuxxp) + ((F2,0)xs sin? XWypP) .

By Lemma A.4.2, sin x0xuyes, Sin xOxwres shares the same pointwise estimates as

Ures, Wres. WeE can obtain, similar to the estimates in E, the estimates
.2 . .
((Rl,a/)xx, sin“ xu,p) < |l — 1[(E+K)K +K|| [”res,xx('»l’ — sinxy(0)) ]« Slnx”p .
We further obtain the following estimate

” [ures,xx(@b - Sinx‘ﬁx(o))]x Sinx”p < |a' - llE + ”ures,xx(wx - COSX%(O)) Sinx”p
S la = HE +|a = 1[[(¥x = ¢2(0)) /][ -

Finally by the Cauchy-Schwarz inequality, we have
|(Wx = ¥x(0)) /x| < /Ox lw(y)/yldy < llw/xll2 < llwll, < E, (A4.4)
and therefore we conclude
((Ria)xx, sin’ xitxep) < o = 1 (E + KK .
By similar computations, we have

((RZ,G')Xa Sinzxa)xp) S |a' — ll(E +K)K
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And for the residue terms, we use similar estimates to obtain

[ (F.a)x sinx]p < la—1],

‘/’res

I(FLa)xx sinxllp < lo = 1]+ o = I )xp 2 sinx|oo -

We can use the triangular inequality to estimate

Ve )xpl sinx| < |[¢resx(0)_ wreq ]/ |+|(wresx_wresx(0))/x| | ~ 08X Ve

sin x X sin x

I(

| .
Combined with the estimate similar to that in (A.4.3) and (A.4.4), we conclude

”(Fl a/)xx SlIlX”p |a'_ 1|

We can finally obtain the same estimate as in Subsection A.3.2
d
d—K(T) <-(1-Cla-1))K+CE+Cla—-1|+CEK.
T
We can again find an absolute constant u, > 1 such that
d 2
d—(K+,u(,E) <—(0.1=-Cla=1|)(K+ugE)+Cla— 1|+ C(K+ uE)”.
T

And we can use the bootstrap argument on this higher-order energy K + uy,E to
conclude a priori estimate in this norm. Now we can perform weighted estimates
in time using the energy J as in Subsection A.3.3, where the linear estimates follow
from the linear estimates of E, the nonlinear estimates follow from Subsection
A.3.3, and the error term vanishes under time-differentiation. We can obtain the
same estimates of J and establish exponential convergence of J to zero. Then we
use the argument in [ 76, 68] to establish exponential convergence to the steady state
and conclude the proof of Theorem A.1.4.

A.5 Blowup of the Viscous Model with Weak Advection

In this section, we follow the strategy of the linear and nonlinear estimates of
the weak advection model and establish blowup for the weak advection viscous
model with a < 1. Intuitively, the viscosity term is small in the dynamic rescaling
formulation and nonlinear stability can be closed using a higher-order norm, where
the viscosity term has a stability effect. Therefore we expect that the viscous weak

advection model develops a finite time singularity as well.
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A.5.1 Dynamic rescaling formulation

We recall the weak advection model with viscosity.
us +2ayu, =2uy, +vu,, ,
W +2aypw, = (uz) +vw,,, (A.5.1)
Z
Y=w.
We use the rescaled variables
i(x, 1) = Cu(Du(x,1(7)), &, 7) = Cu(Dw(x,1(1), ¥ (x,7) = Cu(D)y(x,1(7)),
where
T T
C,(7) =C,(0)exp (/ cu(s)a’s) , (1) :/ C,(s)ds.
0 0
For solutions to (A.5.1), the rescaled variables satisfy the dynamic rescaling equation
fr +2aii, = 200, + cuii + vCy(T)thyy
Br + 2006, = (uz) + cu® + vCo(T)wrs » (A5.2)
X
_'ﬁxx =0.
Remark A.5.1. Different from the rescaling in the inviscid case, we introduce an

extra degree of freedom: the constant C,,(0). We will choose it later to ensure that

the viscous term has a relatively small scaling compared to the main terms.

In order to establish a finite time blowup, it suffices to prove the dynamic stability of
(A.5.2) with scaling parameter ¢, < —e < 0 for all time; see also [76]. As before,
we will primarily work in the dynamic rescaling formulation and use the notations
il = i +u, where i is an approximation steady state and u is the perturbation that we

will control in time.
We consider the following approximate steady state.
@=a=y=sinx, Cu(1)=2(a-1)P(0)~vCy(7)itxxx(0)/i:(0) = 2(a—1)+vCy(7).

We consider odd perturbations u, w, ¥. The odd symmetry of the solution is
preserved in time by equation (A.5.2). We use the following normalization condition:
cy =2(a—1)¥(0)—vC,(7)uy (0). This normalization ensures that u, (0) remains
0 if the initial perturbation satisfies u,(0,0) = 0. In fact, if u,(7,0) = 0, then we

obtain

(7, 0) = 0 (7,0) + (7, 0)) = (2.~ 26) 1 (7,0) + e, 0)) (7, 0) + (7. 0)
4 (Cu + ) (13(7, 0) + B (,0)) + vCo () (fx (0) + 13 (0)) = 0.
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This particular choice of the approximate steady state and the normalization con-
ditions ensure that u,(0,7) = 0O for all time provided that the initial perturbation
satisfies u,(0,0) = 0. We will perform the same weighted norm estimate in the

singular weight p and the weighted norm E as in the inviscid case.

A.5.2 Estimates of the viscous terms
Now the perturbation satisfies
ur: =L+ (a - I)L/l +Ni+F+ VCM(T)VM ,
wr=Ly+(a— 1)L+ Na+ F> +vCy(T)V?, (A.5.3)
Y =w.
Here the terms V* and V correspond to all of the terms containing the effect of the
viscosity and we factor out explicitly the small factor vC, (7) for a fixed v.

V= Uyy + Uy + (1 - uxxx(o))(u + ”7) = Uxx — uxxx(o) sinx + (1 - uxxx(o))u s

VY = Wy — Wrnx (0) sinx + (1 — wyxx (0))w .
We invoke the nonlinear estimates in the inviscid case and obtain for the viscous

model:

liEz(r) < —(0.16—Cla—1]|)E*+C|a—1|E+CE*+vCy (7) [((V")y, uxp)+(V¥, wp)] .

2drt
(A.5.4)
We estimate the viscous terms carefully since they involve singular weights.

(Vs 1) = (e =t (0), tx0) + 1t (0) (1 =08 X, ) + (1 =t (0)) ]I -

Notice that

—sinx —COoSX 2sin® x

1 _
sel-l. lpul=p < plx7?

1—-cosx

= +
ol p‘ I —cosx (1 —cosx)?

are singular near the origin and are smooth elsewhere. We can use integration by

parts twice to compute

2
X
(uxxx - uxxx(o)’ Mx,O) = _(uxx - xuxxx(O)’ uxxp) - (Mxx - xuxxx(o)a Euxxx(o)px)
x2
- (uxx _xuxxx(o)’ (ux - ?uxxx(()))px)
u X
< _””xx”% + C[l”xxx(o)m”xx”p + |uxxx(0)|2 + ”?x - Euxxx(o)”%]
1 Uy
< = sl + Cluxar (O + CII=E17
X
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where for the last inequality we use the weighted AM-GM inequality ab < ea’+ ﬁ b?

for a very small constant €. Therefore we get
(V") txp) < ——||uxx||2 + Clluas O + 223 + (1 4+l (ODE?] . (AS.5)
Similarly, we estimate via integration by parts

(Wix, WP) = —(wy — wx(0), (Wx — Wx(0))p) — (Wy — Wx(0), W (0)p)
— (Wx = wx(0), xwy (0)px) — (Wx — wx(0), (W — xwx(0))px)

(0
< e~ 0O + Clo =2y 12 b 012
And we obtain
w 2 Wy _(Ux(o)
(V¥ w0p) < s — (O + Cllag (O 2@y
X (A.5.6)

+ ”% - U)x(o)llﬁ + |wxxx(0)|2 +(1+ |wxxx(0)|)E2] .

The essential difficulty for the viscous terms is that after integration by parts, the
singular weight produces various positive terms, on top of the damping terms
—|luxxllp; see (A.5.5), (A.5.6). Fortunately, the positive terms contribute only to
higher-order terms near the origin.

Consider the interval I = [—n/2, 1/2]. p and |1 /x| are upper bounded by a positive

constant outside of the interval and we have

2 2 2 2
1202 % Mol + 155122 ) < B2+ lltsaal B

w w
||;—wx(0)lli S IIw—xwx(O)|I§+||;—wx(0)/XI|iz(,) S B2+ (0) PHl|wxell7 o )

”Wx — wx(0) wx(o)

Plugging these estimates into the (A.5.5), (A.5.6) and using again the weighted

lp < llws = 2 (0) |+ = 221 S llwx = e (O)[ p+llwxxell o1y -

AM-GM inequality, we can yield

1
(V. wp) + (V)5 up) < =5 (llwx = wr(O)II} + luxellg) + CIEY + (1+ Ev)E*],
(A.5.7)

where

Ey = llwexxllz=1) + izl L=y + [wx (0)] .
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A.5.3 Estimates in a higher-order norm

We will use a weighted higher-order norm to close the estimates. To have a good
estimate in this higher-order norm, it needs to satisfy three criteria. First, we need
to extract damping in the leading order linear term. Secondly, we need to bound the
terms like w., (0) using interpolation between the lower and the higher-order norms
via the Gagliardo-Nirenberg inequality; therefore it needs to be at least as strong
as a regular higher-order norm near the origin. Thirdly, we need damping for the
diffusion terms to close the estimates. This motivates us to choose a combination

of the k—th order weighted norms for k > 1:
EX () = @ w0y + (0, 0Wpr),  pr = (1+cosx)k,
where we use the notation that f*) = 0k f. We denote Eq = E and pg = p.

Remark A.5.2. This weighted norm immediately satisfies criterion 2 and we will
verify in the linear estimates that it satisfies criterion 1. Finally, a clever combination
of the weighted norms can produce damping for the viscous terms and we make the
damping terms in the estimates of the (k —1)-th order norms greater than the positive
terms in the estimates of the k-th order norms. We will elaborate on those points

and establish the nonlinear estimates.

Now we can estimate diTE x (1) for k > 0 as follows

1d
Ed—E]%(T) = (Lék) + (a - 1)(L'2)(k) +N§k) + Fz(k) + VCM(I)(V(U)(k),a)(k)pk)

-
+ (Lik-'-l) +(a— l)(L'l)(k"'l) + ka"'l) + Fl(k"'l) + VCM(Z)(VM)(kH), M(k+1)pk) ,
where the parts L;, L, F;, N; are defined exactly the same as in the inviscid case.

We first look at the viscous terms. We have for example

(VD & D (1 gcos x)k) < @ u®*D (14cos x)*) + CEvEx +(1+ Ey)E7 .
We use integration by parts twice to obtain

W =D (1 4 cosx)¥) = —(u ), 2 (1 + cos x)F — V(1 + cos x)* ! sinx)
= —(u*? 4y 5+ (1 4 cosx)¥) + %(u(kﬂ), u V(1 + cosx)* (k= 1) = k cosx])

< =@ 1 2 (1 + cos x)*) + C (k) D, D (1 + cos x)k1y

We can also get a similar bound for V. Therefore combined with the leading order

estimate (A.5.7) and using the idea in Remark A.5.2, we conclude that for small



268

enough constants 0 < u < uo(kg) < 1, we have the following viscous estimate

ko ko

DLV ED uE D )+ (v R, 0B pr)] < COLEF+(1+Ey) Y| Wb E7].

k=0 k=0
(A.5.8)

Here uo(ko) is a generic constant depending on ky. We can choose kg large enough

later so that Ey can be bounded using the interpolation inequalities.

Now we look at the linear terms and extract damping. We denote the terms as lower
order terms (l.o.t. for short) if their pi-weighted L?-norms are bounded by Zl’.‘z_ol E;.
For the terms of intermediate order, since p; < C(k)p; fori < k, combined with the
classical elliptic estimate, we can show that u/, ' for0 < j < k+1and0 <i < k+2

are l.o.t. Using the l.o.t. notation, we keep track only of the higher-order terms
(L(1k+1), u** V) = (=2 sinxu®*? =2k cos xu ¥V +2 sinxy F* +Lo.t., ¥V py)

(LY w® o) = (=2 sinxw®*D = 2k cos xw™® + 2 sinxu®*D + Lo.t., w® py) .

Again we have a crucial cancellation of the cross terms and for the leading order

terms we use integration by parts to obtain for example

(=2 sinxu®*? = 2k cos xu ™V 1 *+D oy = (D KD (g — (k = 1) cos x) p)

< _(u(k+1)’ u(k+1)pk) )

Therefore we derive the following estimate

ol k-1
1

(LD u Doy 4 (LY, 0P py) < ~E24C(k) Z Eibi < _QE’%JFC(k) Z i

i=0 =0

Similarly we have

k-1
"k r(k
(L u® Do) + (L9, wPpy) < 2EF+C(k) )" EF .

i=0

‘We have the trivial bound for the error term

(FED, u® Do)+ (FR, w® o) < Ck) (a - 1)Ex .
The nonlinear terms are more subtle. We will show that

k
N u D) < Ck) Y ETER (A59)
i=0



269
and we can have the same bound for w. In fact, for a canonical term in N 1(k+1)
and Nék), it is of the form y k2= op y Oy (k+3=0) op 4y (D (k+1=0) "For the terms

Yu**2) and yw**1 | we can use integration by parts and Lemma A.3.1 to show that
2, D (14 cos 0)%) < CO) (Wl + =~ ) B < C(RIEES.
inx

The terms associated with 1,//xu(k+1), l//xw(k), u®*D and uw™® have the same
bound trivially. We can then focus on controlling the weighted norms of @y %=,
WD *k=1=0 3 (+1) (k=D for indices 0 < i < k to establish the bound (A.5.9). For

example, we get
D u® D (1 + cos x)*/?|), < [ (1 + cosx) D2 || G Ep 1 .
Finally, by the fundamental theorem of calculus, we can bound the L*-norm by
C(K)[||w™V (1 + cosx) D2y + |wP (1 + cos x) D2 sinx||;]
< C(K)[Eist + [0 (1 +cosx)2[1] < C(k) i Ei.

i=0

Therefore we conclude that (A.5.9) holds.

A.5.4 Collection of norms and finite time blowup
We collect the bounds (A.5.8) (A.5.9) for viscous and nonlinear terms, along with the
linear bounds and the leading order estimate (A.5.4). For any fixed k¢, there exists a

small enough constant O < u; (ko) < wo(ko), such that the following estimate holds

d 2
_Iko

— I, < —(0.1=Cla - 1DI}, +Cla = 1y, + CI; +CvCy(7)[Ey + (1 +EV)I; ],
.

where the energy is defined as
ko
It =" uf(ko)E} .
k=0

Here the constants depend on k¢ and u but once we first prescribe kg then u = u (ko),
they become just constants. We will later make our C,,(7) and |a — 1| small to close

the argument.
Finally, by the Gagliardo-Nirenberg inequality, for k£ = 1, 3, we have

_ k+1/2
lo @l < lo® s lollzfy . 6= =7
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This is the classical Gagliardo-Nirenberg inequality applied to a bounded domain,
and we can just use the extension technique to prove it; see for example [270]. We
get similar bounds involving u and conclude that Ey < Iy, for any fixed ko > 4.

For example, we just take kg = 4 and obtain

d
d—14 < —(0.1-Cla—-1)Is+Cla—1|+CI; + CvCy(7)(1 + I1) 1y .
.

Now we choose C,(0) = |a — 1]> for |a — 1| < ¢ with a small enough 6 > 0.

C,(0)exp((a - 1)t) < C,(0) will hold for all time provided that it holds initially.

We again use the estimate for the normalization constants

It is easy to check that the bootstrap argument for Iy < Cla — 1] and C,(7) <

cu+¢,=2(a—-1)+vC, (1) (1 —uxxx(0)) +2(a — DY (0) < (a—1) <O0.
Thus we can obtain a blowup in finite time in the physical variables.

A.6 Appendix
2

Lemma A.6.1. Assume )5 ai + ¢ < oo, then we have the following inequality

for (A.2.5)
F(a,c) = Z{az(() 84+i—;)+c2(0 84 + ;)+2a G ——
B e A T TS)) R 12
1 1 1 +2k — k2 k*—k—1
+2 (= — ——— )+ 2a e~ 42 e .
a ), (5 G- Tk gy TR )

J>k+1

k+2 1
-2 ————+ ) 2ac;———1} 2 0.
B TU R T 0’

Proof. Denote the summation of terms in F'(a, ¢) that only involve a;, ¢ fori, j < N
as Fy(a,c). Here N = 200. This quadratic form Fy(a,c) can be expressed as
aMTFN N where a™, ¢™M) are two vectors with entries a;,c; respectively and
FW) is a symmetric matrix. We numerically verify using interval arithmetic in
Matlab that the smallest eigenvalue of F") is greater than 0.01; see remarks after

the proof for details. Therefore we have

N
Fyn(a,c) 2 0.01 Z(a% + ci) .
k=1
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For the remainder F(a,c) — Fy(a,c), we estimate it term by term via the trivial
bound 2ab > —(a” + b?) and obtain

1 1
F(a,c) — Fy(a,c) > 0.84 + — +¢;(0.84 + ————
(@.0) = Fu(@e) > ) 084+ 75 = G 1)2) W08+ )
N 2
N -—-N-1 N+1
2
+ - - + B B
ZP“(NZ N+1)k;;%(2N%N+D2 o)
1 N*-N-1 N+1 N?*-2N-1
+Zak( 2 7~ 5) = 53 2 9N2Z N2
) (N) (N+1)2" 2N* (N+1)2  2N> 2N*(N+1)
1 ) 22 - -N-1 N+1 N?-2N-1 1 )
N+2 “ 2N2(N+1)2 2N*  2N’(N+1) N+2'

k>N

For N = 200, we estimate all of the coefficients by a lower bound and obtain

N
F(a,c)-Fy(a,c) > ——Z(ak+ck)+(0 84——) Z(ak+ck) > — Z(aiﬂ:i).
k:I

k>N

Therefore we conclude F(a,c) > 0. ]

Remark A.6.2. We now explain how to verify that the smallest eigenvalue of the

symmetric matrix F?% is greater than 0.01. We proceed in three steps.

1. We first use Matlab to perform an (approximate) SVD decomposition of
FP —0.01171 ~ VDV’ .

Here D is the diagonal matrix consisting of (approximate) eigenvalues of
F2%) _ 00111, and V is the unitary matrix consisting of (approximate)
eigenvectors of F(2%0) —0.0111.

2. We use interval arithmetic to verify that the maximal absolute value of entries
of F?0) _0.0111 — VDV’ is at most 107'°. Therefore the spectral norm
of F%) _0.0111 — VDV’, which is bounded by its 1-norm, is rigorously
bounded from above by 200 x 10719,

3. Since D has positive entries, we know that VDV’ is positive definite. We

conclude that
F@% _0.017 = vDV’ +0.0011 + F* —0.0117 - VDV’

is positive definite.
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Appendix B
SECOND ORDER ENSEMBLE LANGEVIN METHOD

We propose a sampling method based on an ensemble approximation of second
order Langevin dynamics. The log target density is appended with a quadratic term
in an auxiliary momentum variable and damped-driven Hamiltonian dynamics, is
introduced; the resulting stochastic differential equation is invariant to the Gibbs
measure, with marginal on the position coordinates given by the target. A precondi-
tioner based on covariance under the law of position coordinates under the dynamics
does not change this invariance property, and is introduced to accelerate convergence
to the Gibbs measure. The resulting mean-field dynamics may be approximated by
an ensemble method; this results in a gradient-free and affine-invariant stochastic
dynamical system with desirable provably uniform convergence properties across
the class of all Gaussian targets. Numerical results demonstrate the potential of the
method as basis for a numerical sampler in Bayesian inverse problems, beyond the

Gaussian setting.

B.1 Introduction
B.1.1 Set-up

Consider sampling the density

"(q) = 5 exp(-®(a)).
where @ : RV — R is termed the potential function and Z, the normalization
constant. A broad family of problems can be cast into this formulation; the Bayesian
approach to inverse problems provides a particular focus for our work [239]. The
point of departure for the algorithms considered in this chapter is the following

mean-field Langevin equation:

dg dw

— =-C(p)D®(q) + ZC(p)E,

” (B.1.1)

where D denotes the gradient operator, W is an N-dimensional standard Brownian
motion, p is the density associated to the law of ¢, and C(p) is the covariance under
this density. This constitutes a mean-field generalization [158] of the standard

Langevin equation [364]. Applying a particle approximation to the mean-field
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model results in an interacting particle system, and coupled Langevin dynamics
[265, , , ]. The benefit of preconditioning using the covariance is that
it leads to mixing rates independent of the problem, provably for quadratic ® and
empirically beyond this setting [1 58], because of the affine invariance [!75] of the

resulting algorithms [157].

In order to further accelerate mixing and achieve sampling efficiency, we introduce

an auxiliary variable p € R" and consider the Hamiltonian

1 _

H(z) = 5(p. M7'p) + @(q). (B.1.2)
where the new state variable z := (g7, pT)T € R?V. Define a measure via its density
on R?N by

1
II(z) = =—exp(-H(2)), (B.1.3)
Zqp

where Z, , is the normalization constant. The marginal distribution of IT in the g
variable gives the desired distribution 7, i.e. f I1(z)dp = n(g). We now aim at
sampling the joint distribution. To this end, consider the following underdamped

Langevin dynamics in R?V:

d d
d—j = IDH(z) - KDH(z) + \/27(% : (B.1.4)
with the choices
0 C Ky 0
= , K= . B.1.5
T=le o ( 0 7<2) 1)

Here W, is a standard Brownian motion in R?" with components W/, W € R". Then

we have the following, proved in Subsection B.8.1:

Proposition B.1.1. Assume that K, K, are symmetric and non-negative definite,
and that C is symmetric positive definite. Assume further that C, K and M depend
on the law of z under the dynamics defined by (B.1.4) and (B.1.5), but are are
independent of z: all derivatives with respect to 7 are zero. Then the Gibbs measure
I1(z) is invariant under the dynamics defined by (B.1.4), (B.1.5).

In practice, to simulate from such a mean-field model, it will be necessary to consider
a particle approximation of the form
z ( ,') dW (i )

% = J(Z)DHE:2) - K(Z)DHE:2) + K@) —L.  (B.16)
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for the set of I particles Z = {z¥ }le, and where M (Z), K(Z), J(Z) are appropriate
empirical approximations of M(p), K(p), J (p) based on replacing p by p’ where

1
1
1__§ .
p_Ii_ldz(l)’

and the Hamiltonian is given by
1 -
H(zZ) = 5(p, M(Z)"'p) + @(q) . (B.1.7)

Thus
D.H(z;Z) = (D®(9)",(M(2)'p)T)".

Note that H is the appropriate finite particle approximation of H, given the particle
approximation M of M. The dependence of H on the law of z has been replaced

by dependence on the collection of particles Z.'!

Remark B.1.2. Unlike (B.1.4), the equation (B.1.6) is no longer a damped-driven
Hamiltonian system; this is because of the dependence of the Hamiltonian on the
particle positions Z, through the mass matrix. Furthermore, its marginal on any
coordinate ¢\ does not necessarily preserve the desired target measure under the
dynamics. However we expect it to do so approximately when I is large. This

Jjustifies the use of algorithms based on (B.1.6).

In this chapter we will concentrate on a specific choice of mean-field operators
within the above general construction, which we now describe. Let C,(p) denote
the g-marginal in the covariance under the law of (B.1.4). We make the choices
Ki=0,C=M=Cy(p),and K, = yC,(p), for a scalar damping parameter y > 0.
Then the underdamped Langevin dynamics yields

dg

— =p,

dr

ap W (B.1.8)
e ~Cy(p)DD(q) —yp + 270q(p)—dt :

To implement a particle approximation of the mean-field dynamics (B.1.8) we
introduce particles in the form z(r) = ((¢(#))7, (p(¢))T) and we use the

IThe reader is asked to note that collection of particles Z is different from normalization constant
Z,,p appearing in (B.1.3).
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ensemble covariance and mean approximations

I/

Cylp) = Cy(2) =7 (47~ q) @ (47 ~3) (B.1.9)
i=1

g (B.1.9b)

~| =

g =
i=1

In order to obtain affine invariance, we take the generalized square root of the

ensemble covariance C,(Z), similarly to [157]. We introduce the N X I matrix
Q = (q(l) _q_’q(Z) _q_"" 7q(1) _57) 5

which allows us to define the empirical covariance and generalized (nonsymmetric)

square root via

1 1
Ca(2) = 700", |Cy(2) = 0.

Now with I independent standard Brownian motions {W®}/_ € R, a natural

particle approximation of (B.1.8)1is,fori =1,...,1,
dg® _ p(i) ’
dr . (B.1.10)
dp® dw®

= -C,(2)D®(q") - yp D + [2yC(Z) —— .
& ¢(Z)D®(q™") = yp 7C(2)—
In subsequent sections we will employ an ensemble approximation of C,(Z)D®(-),
as in [158], thereby avoiding the need to compute adjoints of the forward model;
we note also that in the linear case this approximation is exact. We will show
that the resulting interacting particle system has the potential to provide accurate

derivative-free inference for certain classes of inverse problems.

In the remainder of this section we provide a literature review, we highlight our

contributions, and we outline the structure of the chapter.

B.1.2 Literature review

The overdamped Langevin equation is the canonical SDE that is invariant with
respect to a given target density. Many sampling algorithms are built upon this
idea, and in particular, it is shown to govern a large class of Monte Carlo Markov
Chain (MCMC) methods; see [393, , ]. To enhance mixing and accelerate
convergence, a second-order method, Hybrid Monte Carlo (HMC, also referred to as

Hamiltonian Monte Carlo) [ 126, ] has been proposed, leading to underdamped
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Langevin dynamics. There have been many attempts to justify the empirically
observed fast convergence speed of second-order methods in comparison with first-
order methods [28]. Recently a quantitative convergence rate is established in
[56], showing that the underdamped Langevin dynamics converges faster than the
overdamped Langevin dynamics when the log of the target 7 has a small Poincaré

constant; see also [133].

The idea of introducing preconditioners within the context of interacting particle
systems used for sampling is developed in [265]. Preconditioning via ensemble
covariance is shown to boost convergence and numerical performance [158]. Other
choices of preconditioners in sampling will lead to different forms of SDEs and
associated Fokker-Planck equations with different structures, which can result in
different sampling methods effective in different scenarios; see for example [284].
Affine invariance is introduced in [175] where it is argued that this property leads
to desirable convergence properties for interacting particle systems used for sam-
pling: methods that satisfy affine invariance are invariant under an affine change
of coordinates, and are thus uniformly effective for problems that can be rendered
well-conditioned under an affine transformation; in particular for the sampling of
the class of all Gaussian measures. An affine invariant version of the mean-field

underdamped Langevin dynamics of [158] is proposed in [350), ].

Kalman methods have shown wide success in state estimation problems since their
introduction by Evensen; see [144] for an overview of the field, and the papers
[388, ] for discussion of their use in inverse problems. Using the ensemble
covariance as a preconditioner leads to affine invariant [ 1 57] and gradient-free [ 1 58]
approximations of Langevin dynamics; this is desirable in practical computations in
view of the intractability of derivatives in many large-scale models arising in science
and engineering [88, , , ]. See [25, ] for analysis of these methods
and, in the context of continuous data-assimilation, see [116, 26, ]. There are
other derivative-free methods that can be derived from the mean-field perspective,
and in particular consensus-based methods show promise for optimization [60] and

have recently been extended to sampling in [59].

Recent work has established the convergence of ensemble preconditioning methods
to mean field limits; see for example [121]. For other works on rigorous deriva-
tion of mean field limits of interacting particle systems, see [425, 61, ]. For

underpinning theory of Hamiltonian-based sampling, see [39, 38, , 291.
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B.1.3 Our contributions

The following contributions are made in this chapter:

1. We introduce an underdamped second order mean field Langevin dynamics,

with a covariance-based preconditioner.

2. In the case of Bayesian inverse problems defined by a linear forward map, we
show that that this mean field model preserves Gaussian distributions under
time evolution and, if initialized at a Gaussian, converges to the desired target

at a rate independent of the linear map.

3. We introduce finite particle approximations of the mean field model, resulting

in an affine invariant method.

4. For Bayesian inverse problems, we introduce a gradient-free approximation

of the algorithm, based on ensemble Kalman methodology.

5. In the context of Bayesian inverse problems we provide numerical examples
to demonstrate that the algorithm resulting from the previous considerations

has desirable sampling properties.

In Section B.2, we introduce the inverse problems context that motivates us. In Sec-
tion B.3 we discuss the equilibrium distribution of the mean field model. Section B.4
introduces the ensemble Kalman approximation of the finite particle system; and in
that section we also demonstrate affine invariance of the resulting method. Section
B.5 presents analysis of the finite particle system in the case of linear inverse prob-
lems, where the ensemble Kalman approximation is exact; we demonstrate that the
relaxation time to equilibrium is independent of the specific linear inverse problem
considered, a consequence of affine invariance. In Section B.6 we provide numeri-
cal results which demonstrate the efficiency and potential value of our method, and
in Section B.7 we draw conclusions. Proofs of the propositions are given in the

appendix, Section B.8.

B.2 Inverse Problem
Consider the Bayesian inverse problem of finding g from an observation y deter-

mined by the forward model
y=G(q)+1.
Here G : RV — R’ is a (in general) nonlinear forward map. We assume a prior

zero-mean Gaussian 79 = N(0,Iy) on unknown ¢ and assume that the random
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variable n ~ N(0, '), representing measurement error, is independent of the prior
on g. We also assume that I', Iy are positive definite. Then by Bayes rule, the
posterior density that we aim to sample is given by’

r(q) o exp( 511y - G(@) ) mo(a) o exp(-(q)

where potential function ®(g) has the following form:
1 1
®(9) = 5lly - G@I} + 34l - (B2.1)

In the linear case when G(gq) = Ag, ®(q) is quadratic and the gradient D®(g) can

be written as a linear function:

1 1
®(q) = 5lly - Aqlif + 5 llalF, (B.2.2a)
D®(q)=B"'q-c, (B.2.2b)
B=(ATT A+, c=ATTy. (B.2.2¢)

In this linear setting, the posterior distribution 7(g) is the Gaussian N(Bc, B).

B.3 Equilibrium Distributions for the Mean Field Fokker-Planck Equation
The mean-field underdamped Langevin equation (B.1.4) has an associated nonlinear
and nonlocal Fokker-Planck equation giving the evolution of the law of particles

z(t), denoted p(z,t). The equation for this law is (see proof in subsection B.8.1.)
op=V-((K-J)(pVH+Vp)). (B.3.1)

By Proposition B.1.1 this Fokker-Planck equation has I1(z) as its equilibrium; this
follows as for standard linear Fokker-Planck equations [364] since the dependence
of the sample paths on p involves only the mean and covariance; see the proof in
subsection B.8.1 and see also [129, , , , ] for discussions on how
to derive Fokker-Planck equations with a prescribed stationary distribution. In the

specific case (B.1.8), recall that J and K are given by

0 Gl _(0 0 ) (B.3.2)
—Cq(p) 0 0 ")’Cq(p)

These choices satisfy the assumption of Proposition B.1.1. We approximate (B.1.8)

j:

by the interacting particle system (B.1.10). In this context, we note Remark B.1.2

to motivate computational methods based on integrating (B.1.10).

1 . . . -
%In what follows || - ||c = ||C~2 - ||, with analogous notation for the inducing inner-product, for
any positive definite covariance C and for || - || the Euclidean norm.
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B.4 Ensemble Kalman Approximation
B.4.1 Derivatives via differences

We now make the ensemble Kalman approximation to approximate the gradient

term by differences, as in [158]:
DG (q(i)) (q(k) - q) ~ (Q (q(")) - Q) :

where G := %Zizl G (q(k)). Invoking this approximation within (B.1.10), using
the specific form (B.2.1) of ®, yields the following system of interacting particles

inRN, fori=1,...,1:

g = pW
. 1 . . .
P = —C(DT;'q" = 2 (6" = 6.6(4") = Nrg® —yp + (2 C2)W .
k=1
(B.4.1)
We will use this system as the basis of all our numerical experiments.
B.4.2 Affine invariance
In this subsection, we show the affine invariance property [175, , ] for the

Fokker-Planck equations in the mean-field regime (B.3.1), for the particle equation
in the mean-field regime (B.1.8), for the ensemble approximation (B.1.10), and the
gradient-free approximation (B.4.1). For simplicity of presentation, we only state
the results in the case of ensemble approximation, and the mean-field case is a

straightforward analogy upon dropping all of the particle superscripts.

Definition B.4.1 (Affine invariance for particle formulation). We say a particle

formulation is affine invariant, if under all affine transformations of the form
g =AvD b, pD = Ay (B.4.2)

the equations on the transformed particle systems are given by the same equations
with ¢, p replaced by v\, u'? respectively, and with potential ® replaced by ®
via

() = d(¢") = d(AVD +b).

Here A is any invertible matrix and b is a vector.
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Definition B.4.2 (Affine invariance for Fokker-Planck equation). We say a Fokker-

Planck equation is affine invariant, if under all affine transformations of the form
gD =avD +p, pi= Au®

the equations on the pushforward PDF p! are given by the same equation on p'
with ¢, p® replaced by v, u"") respectively, and with Hamiltonian H replaced
by H via

I:I(v(i), u(i)) = H(q(i),p(i)) = H(Av(i) + b, Au(i)) .

Here A is any invertible matrix and b is a vector.

The key dynamical systems introduced in this chapter are affine invariant:

Proposition B.4.3. The particle formulations (B.1.8), (B.1.10) and (B.4.1) are

affine invariant. The Fokker-Planck equation (B.3.1) is also affine invariant.

We defer the proof to Subsection B.8.2. The significance of affine invariance is
that it implies that the rate of convergence is preserved under affine transformations.
The proposed methodology is thus uniformly effective for problems that become
well-conditioned under an affine transformation. Proposition B.5.1, which follows

in the next section, illustrates this property in the setting of linear forward map G(-).

Remark B.4.4. The affine invariance of the methodology introduced in [205] in-
volves a definition different from that in Definition B.4.1. In particular (B.4.2) is
replaced by

gV =avD b, pD =y, (B.4.3)

B.5 Mean Field Model for Linear Inverse Problems

We consider the mean field SDE (B.1.8) in the linear inverse problem setting of
Section B.2 with G(g) = Ag; thus (B.2.2) holds. We note that B in (B.2.2)
is both well-defined and symmetric positive definite since [y, " are assumed to
be symmetric positive definite. The two Propositions B.5.1, B.5.3 demonstrate
problem-independent rates of convergence, across the set of all linear Gaussian
inverse problems; this is a consequence of affine invariance which in turn is a

consequence of our choice of preconditioned mean field system.
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In the setting of the linear inverse problem, the mean field model (B.1.8) reduces to

qg=r,

p==Cy(p)(B™'q =) —yp+|2yCy(p)W.

We prove the following result about this system in Subsection B.8.3:

(B.5.1)

Proposition B.5.1. Write the mean m(p) and the covariance C(p) of the law p(z)
of particles in equation (B.5.1) in the block form

m _ mgy (p)
(°) (mp (0)

Cq (p) Cq,p (p)

, C(p)=
W=\t )

The evolution of the mean and covariance is prescribed by the following system of

ODEs:
I’I’lq = mp 9
nip = —=Cy(B™'my —c) —ym,,
Cy=Cyp+ C;p ’
Cp = —CqB_ICq’p - (CqB_ICq,p)T = 2yCp +2vCy,
Cyp=—yCyp-C,B7IC,+C, .

The unique steady solution with positive definite covariance is the Gibbs measure

(B.5.2)

my = Be,m, =0,C,, =0,Cy = C, = B; the marginal on q gives the solution
of the linear Gaussian Bayesian inverse problem. All other steady state solutions
have degenerate covariance, are unstable, and take the form my, = B(c + m),m, =
0,C;p=0,C,=Cp, = BY2X B2 for a projection matrix X and m in the nullspace
of C4. The equilibrium point with positive definite covariance is hyperbolic and
linearly stable and hence its basin of attraction is an open set, containing the equi-
librium point itself, in the set of all mean vectors and positive definite covariances.
Furthermore, the mean and covariance converge to this equilibrium, from all points

in its basin of attraction, with a speed independent of B and c.

Remark B.5.2. Proposition B.5.1 demonstrates that the convergence speed to the
non-degenerate equilibrium point is independent of the specific linear inverse prob-
lem to be solved; the rate does, however, depend on y. Analysis of the linear
stability problem shows that vy ~ 1.83 gives the best local convergence rate; see
Remark B.S.1. In the case where mean field preconditioning is not used, the opti-

mal choice of y for underdamped Langevin dynamics depends on the linear inverse
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problem being solved, and can be identified explicitly in the scalar setting [364];
for analysis in the non-Gaussian setting see [05]. Motivated by analogies with the
work in [364, 65] we expect the optimal choice of vy to be problem dependent in
the nonlinear case, but motivated by our analysis in the linear setting we expect
to see a good choice which is not too small or too large and can be identified by

straightforward optimization.

Now we show that for Gaussian initial data, the solution remains Gaussian and is
thus determined by the evolution of the mean and covariance via the ODE (B.5.2).
We prove this by investigating the mean field Fokker-Planck equation in the linear
case. The evolution in time of the law p(z) of equation (B.5.1) is governed by the

equation

0 -Cy (0)

op=V-
Cy(p) vCy(p)

-p
B o Vol . (B.5.3)
Cy(p)(B lq—6)+7p) )
We prove the following result in Subsection B.8.4; by virtue of Proposition B.5.1
it establishes that the eigenvalues that determine the local stability of the posterior

Gaussian density are the same across all linear Gaussian inverse problems:

Proposition B.5.3. Let m(t), C(t) solve the ODE (B.5.2) with initial conditions my

and Cy. Assume that pg is a Gaussian distribution, so that

_ 1
po(2) := (det Cp) 1/2 exp (—5 |z = m0||%0)

1
(2m)N

with mean mq and covariance Cy. Then the Gaussian profile

p(t,2) = (271T)N (det C(r))"1/? exp (—% llz - m(t)||2C([))

solves the Fokker-Planck equation (B.5.3) with initial condition p(0, z) = po(z).

B.6 Numerical Results

We introduce, and study, a numerical method for sampling the Bayesian inverse
problem of Section B.2; the method is based on numerical time stepping of the
interacting particle system (B.4.1). In this section, we demonstrate that the proposed
sampler, which we refer to as ensemble Kalman hybrid Monte Carlo (EKHMC)

can effectively approximate posterior distributions for two widely studied inverse
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problem test cases. We compare EKHMC with its first-order version EKS [158]
and a gold standard MCMC [46]. EKHMC inherits two major advantages of EKS:
(1) exact gradients are not required (i.e., derivative-free); (2) the ensemble can
faithfully approximate the spread of the posterior distribution, rather than collapse
to a single point as happens with the basic EKI algorithm [400]. Furthermore, we
show empirically that EKHMC can obtain samples of similar quality to EKS, and
has faster convergence than EKS. We detail our numerical time-stepping scheme in
the first subsection, before studying two examples (one low dimensional, one a PDE

inverse problem for a field) in the subsequent subsections.

B.6.1 Time integration schemes

We employ a splitting method to integrate the stochastic dynamical system given
by equation (B.4.1): the first capturing the finite particle approximation of the
Hamiltonian evolution, and the second capturing an OU process in momentum

space. The Hamiltonian evolution follows the equation:
g = pW,

A 1L - , (B.6.1)
P = Fiy = =Co15'q" ~ 7 > (64" =~ 6.6(¢"™) ~ »ra™.
k=1

The OU process follows the equation:

q(i) =0,

| | N (B.6.2)
P9 = —ypD + [2yC ()W

We implement a symplectic Euler integrator [397] for the part of the particle system
arising from approximation of the Hamiltonian contribution to the damped-driven
mean-field equations. That is, we take a half step €/2 of momentum updates, then
a full step € of position updates, and finally a half step €/2 of momentum updates.
With the ensemble approximation the system is only approximately Hamiltonian;
the splitting used in symplectic Euler is still well-defined, however. And we also
expect it to perform well in the large particle limit because the mean-field limit is
itself Hamiltonian. Let Z; be the collection of all position and momentum particles
attime j: {q§i) , pﬁ.i) }{: |- Starting from time j this symplectic Euler integration gives
map Z; = V4 ;- We set qﬁ.’zl to be the i™ position coordinates of Z ; and then update
the momentum coordinates using the OU process which provides the damped-driven
component of the mean-field limiting process. The damping coefficient y > 0 is

treated as a hyperparameter of EKHMC. Vector Z is set at the value given by output
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of the preceding symplectic Euler integrator, denoted by Z ;. The update of the ith

momentum coordinate, given by solving the OU process exactly in law, is then

P} =exp(-ye)p}’,
O ) N R (B.6.3)
Py =P; 1. 1~ N(O, (1 —exp(=2y€))Cy(Z))) ,
(@)
J
damping coefficient y > 0 is treated as a hyperparameter of EKHMC.

where p'” are the momentum coordinates from Z ;. Within the OU process the

It is posible to consider use of a Metropolis-Hastings (Metropolization) step to
correct the dynamics; however because the underlying continuous time system is
not (for finite number of particles) invariant with respect to the target, doing so
would be very complicated and so we do not pursue this. Aside from invariance,
Metropolization also imparts stability of the integrator and we may address this in
different ways. Indeed, similarly to [158], and as there with the goal of improving
stability and convergence speed towards posterior distribution, we implement an
adaptive step size, i.e., the true step size is rescaled by the magnitude of the “force
field" Fy (defined in equation (B.6.1)):
. €
€= m . (B.6.4)
B.6.2 Low dimensional parameter space
We follow the example presented in Section 4.3 of the paper [158]. We start by
defining the forward map which is given by the one-dimensional elliptic boundary
value problem
d d
- E(exp(ul)ap(x)) 1, xe(0,1), (B.6.52)
p0)=0, p(l)=u. (B.6.5b)

The solution is given explicitly by

x? x
p(x) = uxx + exp(—ul)(—? + 5) , (B.6.6)
The forward model operator G is then defined by
G = (") (B.6.7)
p(x2)

Hereu = (u1 , uz)T is a constant vector that we want to find and we assume that we are
given noise measurements y of p(-) atlocations x; = 0.25 and x, = 0.75. Parameters

are chosen according to [158], but we summarize them here for completeness:
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Figure B.1: The low dimensional parameter space example. From left to right:
samples; mean u; mean uy; the first singular value o; the second singular value
g7.

threshold = 0.1 threshold = 0.5 threshold = 2.0
—8— EKHMC 60 1 50 A
8 100 EKS 2 e a
g 501 a0
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10? 103 104 102 103 10* 10? 10° 10*
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Figure B.2: Convergence time (of u» mean) as a function of damping coefficient y.
Left, Middle, Right: thresholds are 0.1, 0.5, 2.0, respectively. The takeaway from
these plots is: large damping converges faster eventually (small threshold), while
small damping converges faster initially (large threshold).

noise 7 ~ N(0,T"), " = 0.1215;

prior 1o = N(0,T), Ty = 0215, o = 10;
* measurement y = (27.5,79.7)7;

* number of particles I = 103;

initialization: (uy,u2) ~ N(=3.5,0.1%) x U(70, 110).

Here U is the uniform distribution.

We choose a = 0.01, € = 0.2 in both EKS and EKHMC. We find choosing y = 1
causes overshooting (the trajectory exhibits oscillatory rather than monotonic con-
vergence), a phenomenon which can be ameliorated by increasing toy = 100; indeed
this latter value appears, empirically, to be close to optimal in terms of convergence
speed. We conjecture this difference from the linear case, where the optimal value
is y = 1.83 (see Remark B.5.2), is due to the non-Gaussianity of the desired target:

the particles have accumulated considerable momentum when entering the linear
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convergence regime, and so extra damping is required to counteract this and avoid
overshooting. Despite the desirable problem independence of the optimal vy in the
linear case, we expect case-by-case optimization to be needed for nonlinear prob-
lems. We also empirically study how vy affects the convergence speed for this 2D
problem: we sweep y € [30, 10*], compute the number of steps needed to be close
to the convergent point by a threshold, shown in FIG. B.2. When the threshold is
small, large y converges faster; when the threshold is large, small y converges faster.
The takeaway is that: large y converges faster eventually (small threshold), while

small v converges faster initially (large threshold).

We evolve the ensemble of particles for 200 iterations, and record their positions in
the last iteration as the approximation of the posterior distribution, shown in Figure
B.1. The EKHMC samples are quite similar to EKS samples, both of which are
reasonable approximations of the samples obtained from the gold standard HMC
[126] simulations — but both approximations of the gold standard miss the full spread
of the true distribution, because of the ensemble Kalman approximation they invoke.
We also compute four ensemble quantities to characterize the evolution of EKHMC
and EKS: u#; mean, u; mean, two eigenvalues o and o» of the covariance matrix
C,(Z). EKHMC has faster convergence towards equilibrium than EKS, benefiting

from the second-order dynamics.

B.6.3 Darcy flow

This example follows the problem setting detailed in [158]. We summarize the es-
sential problem specification here for completeness.The forward problem of porous
medium flow, defined by permeability a(-) and source term f(-), is to find the

pressure field p(-) where p(-) is solution of the following elliptic PDE:

-V (a()Vp(x)) = f(x), xeD=[0,1]%,
p(x)=0, xedD.

(B.6.8)

We assume that the permeability a(x) = a(x; u) depends on some unknown parame-
ters u € R?. The resulting inverse problem is, given (noisy) pointwise measurements
of p(x) on a grid, to infer a(x;u) or u. We model a(x;u) as a log-Gaussian field.
The Gaussian underlying this log-Gaussian model has mean zero and has precision
operator defined as C~! = (—A + 727)%; here A is equipped with Neumann bound-
ary conditions on the spatial-mean zero functions. We set 7 = 3 and @ = 2 in the

experiments. Such parametrization yields as Karhunen-Loeve (KL) expansion
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Figure B.3: Darcy flow. Left: samples obtained from EKHMC (top) and EKS
(bottom), compared with MCMC. Middle: Evolution of ||u||y-2 for EKHMC and
EKS for different 7 = 128,512,2048. Right: The same as the middle, but ||u||;2
instead of ||u||y-2. EKHMC converges faster than EKS.

loga(x;u) = >~ u\Aipi(x), (B.6.9)

leK
where ¢;(x) = cos(n(l,x)), A; = (7%|€)* + 72)~%, K = Z?*. Draws from this random
field are Holder with any exponent less than one. In practice, we truncate K to have
dimension d = 28. We generate a truth random field by sampling u ~ N(0, 7). We
create data y with n ~ N(0,0.1%Ix). We choose the prior covariance I’y = 10°1,.

To characterize the evolution of EKHMC and compare it with EKS, we compute

two metrics:

N =

1 1
1 . .
dy2() =7 D D@~ 1B L. dia() =7 > @0 — 112,
j:l j=1

(B.6.10)

For these metrics, we use norms

lallg2 = [ D P, iz = | w2, (B.6.11)
leKy leKy

where the first is defined in the negative Sobolev space H~2, whilst the second in

the L? space.

We set a = 0.01 and € = 1.0 for both EKHMC and EKS. We set y = 1 in EKHMC;

unlike the previous example, this choice does not lead to over-shooting. We simulate
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the particles for 100 iterations, and use their positions in the last iteration as the
approximation to the posterior distribution. We compare the samples obtained from
MCMC (we use the pCN variant on RWMH [103]), EKS (I = 128,512, 2048) and
EKHMC (I = 128,512,2048) in Figure B.3. The evolution of ||ul||y-2 and ||u||;2
are plotted to show that convergence is achieved, and that EKHMC converges faster
than EKS.

B.7 Conclusions

Gradient-free methods for inverse problems are increasingly important in large-
scale multi-physics science and engineering problems; see [224] and the references
therein. In this chapter we have provided an initial study of gradient-free methods
which leverage the potential power of Hamiltonian based sampling. Analysis of
the resulting method is hard, and our initial theoretical results leave many avenues
open; in particular convergence to equilibrium is not established for the underly-
ing nonlinear, nonlocal Fokker-Planck equation arising from the mean field model,
and optimization of convergence rates over 7y is not understood, except in the set-
ting of linear Gaussian inverse problems. The Fokker-Planck equation associated
with standard underdamped Langevin dynamics has been studied in the context of
hypocoercity — see [20, 440] — and generalization of these methods will be of poten-
tial interest. Preconditioned HMC is also proven to converge in [37]; generalization
to ensemble approximations would be of interest. On the computational side there
are other approaches to avoiding gradient computations, yet leveraging Hamiltonian
structure, which need to be evaluated and compared with what is proposed here

[262].

B.8 Appendix

We present the proofs of various results from the chapter here.

B.8.1 Proof of Proposition B.1.1

Proof. The determination of the most general form of diffusion process which is
invariant with respect to a given measure has a long history; see [129][Theorem
1] for a statement and the historical context. Note, however, that this theory is
not developed in the mean-field setting and concerns only the linear Fokker-Planck
equation. However, the dependence of the matrices K, J and M on p readily allows
use of the approach taken in the linear case. We find it expedient to use the exposition
of this topic in [301]. The same derivation as used to obtain Eq. (5) from [301]
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shows? that the density p associated with the dynamics (B.1.4), (B.1.5) satisfies Eq.
(B.3.1); this follows from the (resp. skew-) symmetry properties of (resp. J) K and
the fact that J, K and M are assumed independent of z, despite their dependence
on p. It is also manifestly the case that the Gibbs measure is invariant for (B.3.1)

since the mass term M appearing in H is independent of z so that
PpVH +Vp =0
when p is the Gibbs measure and (B.3.1) shows that then 9;p = 0. m|

B.8.2 Proof of Proposition B.4.3

Proof. In fact, consider the affine transformation

gV =avD +p, p® = Ay,
along with
() = d(¢") = d(AVI4b), AV, u?) = H(gD, p©D) = H(AVD+b, Au?) .

Then we have that the gradient term scales like VV<;>CT>(v(i))= ATquCI)(q(")) and
the covariance preconditioner scales like C, = A‘1CqA‘1T. The generalized square
root scales like VC, = A~} \/C_q . Therefore we can check that affine invariance holds
for the particle systems (B.1.10) and (B.1.8). Affine invariance for the gradient free
approximation (B.4.1) is more easily seen to be true. Finally for the Fokker-Planck
equation (B.3.1), we can check similarly via the scaling of the terms. See a similar

argument in the proof of Lemma 4.7 in [157]. m|

B.8.3 Proof of Proposition B.5.1
Proof. We can take expectations in (B.5.1) to obtain the first two ODEs in (B.5.2).

Now define
Z=z-m(p) = ({ ,
p

to obtain the following evolution for Z:

q=p.

D =-Ce(p)B™ g —yp +|2yCy(p)W .

3We use the notational convention concerning divergence of matrix fields that is standard in
continuum mechanics [174]; this differs from the notational convention adopted in [301].
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Note that C, = E[§ ® 4], C, = E[p ® p], and C,, = E[§ ® p]. We can use Ito’s

formula and the above evolution to derive the last three ODEs in (B.5.2). The form
of the steady state solutions is immediate from setting the right hand side of (B.5.2)

to zero.

Now, we will establish the independence of the essential dynamics of the mean and
covariance on the specific choice of B, c. To this end, denote x; = B'/?(B~'m,, -
¢), xo = BV?m,, X = BV?C,B"'2, v = B'?C,B~?, z = B~'?C, ,B7"/2.
Applying this change of variables we obtain, from (B.5.2), the system

X1 =x2,

Xy =—Xx1 —yx2,

X=z+27", (B.8.1)
Y=-XZ-7Z"X - 2yY +2yX,

Z=—yZ-X*+Y.

We notice that the steady state solutions take the form (x, x2, X, Y, Z) = (w,0, X, X, 0)
for a projection matrix X> = X and w such that Xw = 0. The steady state with
X = Iy and w = 0 corresponds to the desired posterior mean. The transformed
equation is indeed independent of B and c. Therefore the speed of convergence
(x1,x2,X,Y,Z) — (0,0, Iy, Iy, 0), within its basin of attraction, is indeed indepen-

dent of B and c. The same is true in the original variables.

To complete the proof of stability it suffices to establish the local exponential
convergence to the steady solution (x1,x2, X,Y,Z) = (0,0, Iy, In,0). As a first
step, we show that the following system converges to (X,Y, Z) = (Iy, Iy, 0):

X=z+27",
Y=-XZ-7Z'X-2yY +2vyX, (B.8.2)
Z=—yZ-X*+Y.

Linearization around (X, Y, Z) = (Iy, Iy, 0) in variables of entries of (X,Y, Z+ZT)

gives the matrix
O 0 2[ N2

2')/IN2 —2'}/11\/2 —21N2
—2IN2 INZ —’)/INZ
whose eigenvalues satisfy x> + 3yx? + (292 + 6)x + 4y = 0 which all have strictly

negative real part for y > 0, since we can show the unique real eigenvalue is in
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the interval (—y,0). Therefore we conclude the local exponential convergence of
covariances X, Y, Z in a neighbourhood of (X, Y, Z) = (Iy, In,0). The exponential
convergence of means (xy,x) — (0,0) then follows linearizing the first two linear
ODEs in the system (B.8.1) at X = I.

Similarly, for any other steady state (X,Y,Z) = (X, X, 0) with a projection matrix
X # Iy, we will show that there is an unstable direction in (B.8.2). In fact, since
X is symmetric with only eigenvalues 1 and O, there exists a nonzero vector v
such that Xv = 0. Linearization around (X,Y,Z) = (X, X,0) in the direction

(avvT, bvvT, cvvT) gives the following 3 x 3 matrix for scalars a, b, c:

o o0 2
2y 2y O
0 I -y

whose eigenvalues satisfy x> + 3yx? +2y?x — 4y = 0. For all y > 0 it may be shown
that there exists a real eigenvalue in the interval (0, 1), since f(0)f(1) < 0; thus
there is an unstable direction determined by (a, b, ¢), and therefore in the original

formulation. m]

Remark B.8.1. We can further investigate the spectral gap around (X,Y,Z) =
(In, Iy, 0), which is the absolute value in the real root of equation x> + 3yx? +
(2y% + 6)x + 4y = 0. To be precise, we can show that for xo = —V12 — V128 and
vo=—(4+ 3x(2))/ (4x0) ~ 1.83, the spectral gap is maximized as —x( and we expect

fastest convergence for our method in the linear setting.

To establish this claim we proceed as follows. By the intermediate value theorem,
in order to show there always exists a root in [xg, 0) and the spectral gap is at most

—x0, we only need to show that
3 2 2
Xy +3yxg+ 2y +6)xg+4y < 0.

The claim is true because xo < 0 and 2x (xg +6xp) = (4 + 3x3)2 /4. By the basic

inequality a*> + b*> > 2ab, we have
3 2 2 _ 2 2 3
Xo +3yxg+ (2y7 +6)xo + 4y = 2x0y° + (4 +3x5)y + x5+ 6x9 < 0.

The maximal spectral gap is attained if and only if the equality in a*> + b*> > 2ab
holds, i.e. when y = 7.

We also plot the spectral gap as a function of y to help visualize the dependence

of the rate of convergence on damping for the linear problem; see Figure B.4. The
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Figure B.4: Spectral gap as a function of y

clear message from this figure is that there is a natural optimization problem for y in
this linear Gaussian setting; this is used to motivate searches for optimal parameters

in the non-Gaussian setting.

B.8.4 Proof of Proposition B.5.3
Proof. Note that since m(p), C(p) are independent of the particle z, we have

Vo =-C(p) " (z=m(p))p,

D% = (=C(p)™ +(Clo) " e =m(p)) & (Cp) " (= m(p))) o

Using this we can substitute the Gaussian profile into equation (B.5.3). We compute
the first term on the right hand to obtain

-p

~C(p) ' (z = m(p)) - Co(p) (B g = ¢) 4 yp

) +yN ) p=1p.
The second term on the right hand side can be written as:

0 _Cq (0)
Cy(p) vCy(p)

For the left hand side of (B.5.3), note that

(=cor+(c) ! @=mp)) & (Co) (2= m(p))) p £ (ha+I2)p.

d = 14 d -1 _ _ (4 -1
adetC(p)—Tr[detC(p)C(p) dtC(p)],dtC(p) =—-C(p) (dtC(p))C(p) :
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Using the evolution of the mean (B.5.2) we obtain

= mp) ) =2($ 6= m).Co = mio)

=m0, 5 (e@) = mio)

.

- <C(p)_l(z —m(p)), % (Cp)Cp) " (z- m(p))> =24 1I5) .

Therefore we can compute the left hand side as:

—mp (p)
Cq(p)(B™'my(p) = ¢) + ym,(p)

.C(p) ' (z- M(p))>

1d

dp = [——(detC(p))‘ (d detC(p))—EaHZ m(p)lge |

p=Us—1s+1s5)p.

= [—%Tr [C(p)_I%C(p)] — Iy +Is

In order to show that the Gaussian profile is indeed a solution to (B.5.3), we only

need to show that I + I, + Is = —I4 + I5 + Is. Note that

p—mp(p) )

B 1/, _ .
hi+Ly=yN+C(p) " (= m(p)) -cq(p)B—l(q—mq(p»—y(p—mp(p»

=yN +C(p) " (z=m(p)) -

~Cy(p)B™ ~yly )(Z_m(p )

Defining Z = z—m(p), we collect the terms in the to-be-proven identity Iy + I, + I3 =
—I4+ Is+ Ig as:

R _ Iy 0 -C,(p) 1d
7o 1 1 q _-= C
Flew™| . s —m) oM |a ) o]~ 20 €N @
_ 0 —Cup) 1 [d _1} s ATy » _
+yN —Tr C(p) ¥Cy(p) Clp) | += Tr tC(p)C(p) 22 MZ+M,=0.

We only need to show that M; + MIT =M, =0.

In fact, we compute C(p) (M, + MT)C(p) to be:

~(B7C,(p)), 0
0 2yC,(p)

0 Iy

B —yin A EHIN

C(p)+C(p) ( 0
Iy —yIn

which equals zero upon blockwise computation via (B.5.2). Thus M; + MlT =0.
Moreover, note that M, = —Tr [C(p)M,]: M1+M] = Oimplies C(p)(M+M]) =0
and taking the trace on both sides leads to the conclusion that M, = 0. Therefore

the Gaussian profile indeed solves the Fokker-Planck equation (B.5.3). m|
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