











n=20 n=1
Figure 4.5: A frame from an interactive elasticity simulation comparing logarithmic and Biot strain-based
energies, demonstrating the former’s usefulness in avoiding degenerate configurations. Elements are colored
according to the norm of the local strain. See the $

CCcecC

Figure 4.6: Frames from a dynamics simulation of a high initial velocity on portion of the boundary of an
elastic object. The logarithmic strain energy and FVI allow simulation of an undamped compressive wave
without inversion. Using the Biot strain energy , for example, limits the initial velocity permitted (regardless
of choice of time step) if inverted elements are to be avoided; in this example elements would invert almost
immediately. See the $ , which shows the simulation at
two framerates.
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4.8.4 Surface Parameterization

We can parameterize a surface by minimizing the intrinsic elastic energy required to map it to the plane.
Compared to other methods, such as the methods in Chapters[2]and [3] minimization of the logarithmic strain
energy has the advantage of guaranteeing a proper parameterization with no local inversions and a gradual
‘hardening’ against extreme compression than the method of Chapter [3| lacks. However, an admissable
initial parameterization is required, as the logarithmic model does not assign energy to inverted elements.

See Figure [£.7) for an example.

a=1,=1 a=1,3=10
Figure 4.7: We map the surface of a topological disk to the plane by minimizing our elastic energy with two

different sets of isotropic material parameters. By virtue of the energy barrier against inversion, given an
admissible initial parameterization, no ad-hoc ‘flipped triangle repair’ stage is required. Redness corresponds
to quasi conformal distortion.

4.8.5 Shape Interpolation

Shape interpolation is achieved by minimizing a weighted sum of energies with respect to multiple reference
states. See Figure for an example. As noted above, we include a density factor in the energy to account
for differing reference volumes of discrete elements. With this, the energy is truly reversible; it is symmetric
with respect to which of two states is chosen as the reference. Thus, no additional symmetrization is required
to extend this technique to minimize the length of a path connecting an arbitrary number of intermediate
states between two given endpoints, for example in the technique employed by Kilian et al. [32]. While the
elastic energy only agrees to second order with true geodesic distance on the space of possible deformations,

it is the optimal one amongst the class based on Seth-Hill strain measures [52].
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Figure 4.8: The poses between two reference states, shown in the upper left and lower right, are generated
by minimizing a weighted sum of elastic energies. As such, the interpolated poses are guaranteed to have no
inverted elements. Further, since the energy is reversible, the interpolation between two states shown here
can be extended without further symmetrization to minimization between an arbitrary number of states
along a path in shape space.

4.9 Discussion

We have shown how employing the logarithmic strain measure lends many desirable properties to a wide
range of algorithms in elastic simulation and geometry processing. In doing so we have extended and
unified existing methods based on energies quadratic in Seth-Hill strain measures. Additional complexity
is introduced by use of the matrix logarithm, but we have developed efficient formulations for computing
this function and its derivatives by use of a diagonalization and stable evaluation of divided differences. Of
particular note is that by utilizing the general theory of analytic matrix functions, the matrix function f is
by no means limited to the logarithm, and thus the methods here can be used to greatly broaden material

models used for elasticity-based geometry processing.
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Appendix A

Arbitrary Order Derivatives of
General Matrix Functions

We present simple expressions for arbitrary order derivatives of matrix functions and specialize them to some
cases useful in Chapter

Let f: R — R be a piecewise analytic function. f can be extended to a function f : C¥*¢ — C¥¢ on
square matrices, replacing a scalar Taylor series by one of matrices. This extension is compatible with any

similarity transformation, in that the identity
XfAX = f(XAX) (A.1)

holds for any invertible X € C?*9¢. Thus, if A has Jordan normal form A = ZJZ !, then f(A) = Zf(J)Z~!
and we may define f by its operation on elementary Jordan blocks. See the textbook by Higham [I9] for
alternative equivalent definitions.

Working from Van Loan’s maxim, “Anything that the Jordan Decomposition can do, the Schur Decom-
position can do better!” [60], we also note his equivalent expression for an upper triangle square matrix. If

T = QAQ™ has the form

Aotz - tig
Ny oo tog
T= ? A (A.2)
Ad
then
(f(T),; = > bosotsnss  tsrvsr FlNsrs Asgseeos A ] (A.3)

i=51<52< - <Sm=]

We let a zeroth order divided difference just be a function evaluation, f[z] = f(z). A first order divided
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difference is defined
fl]=flD £y

f[xay] = f[y,x] = o
fl@)  z=y

Noting that the expression is symmetric with regard to its arguments and using the convention flx] =
f(x), higher order divided differences are defined recursively. Without loss of generality, by permutation of

the arguments either xy # xpy1 Or T4 =T = -+ = Tg = 27:

flei,za,oxe—1,@ka] = flT1,m,. Tk 1,%k]
Tpy1—T, Tk 7 Th
f[$17332,~-.,$k_17xk,mk+1] - y ]’CZO

%f(k)('r) Tyl =T = - =21

The expression becomes useful for our purposes once it is generalized to block upper triangular
matrices, which we do with an appropriate generalization of divided differences to matrix arguments, detailed
in Section [AT1]

The expression is not directly useful for large matrices due the exponential number of terms, but the
Schur-Parlett algorithm described by Higham and Davies [13] reduces its computation to O(n®m) operations,
where m is the size of the largest cluster of eigenvalues. The proof in Section leverages the approach
of that algorithm.

A.1 Functions of Block Upper Triangular Matrices

Due to the property , it suffices to define matrix functions in any suitable basis. For computational
purposes, we are free to use any stably-computable and computationally expedient basis, such as that
produced by a block Schur decomposition. For theoretical purposes, the Jordan canonical form is useful. To
deal with these cases and to allow for simple derivation of expressions for derivatives of matrix functions, we

derive a completely general description of matrix functions of block (upper) triangular matrices.

A.1.1 Generalized Divided Differences

We can generalize the definition of a divided difference to matrix arguments as follows. Let X; be matrices
of dimensions m; x n; and V; ;41 be matrices of dimension n; X m;;
We define f[X] = f(X) and recursively f[X1,Xo,..., X;u]Jvi 5. Vo5,....Viu_1.,. s the solution C' to the equa-

tion
XIC - CXm - f[Xl,X27 '“amel]V1‘2,Vg_’3,...,Vm_11mmel,m - V1,2f[X2) XS"') Xm]V2’37V314,...,V7n_1’77,, (A'4)

with the additional property that C is continuous with respect to all the X; and V;;11. Note that unlike
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scalar divided differences, generalized divided differences are not invariant (or even in general defined) under
permutations of their arguments. As in the scalar case, we can equivalently define f[X,Y]y as the solution
Cto XC—CY = fIX|V+VfY] and f[X,Y, Zlyvw = (f[X,]v)[Y, Z]w, and so on.

Although this has the form of a Sylvester equation, which for a general right hand side only has a unique
solution here when X; and X, have disjoint spectra, the special structure of the right hand side guarantees

a solution, which we can write out explicitly for an analytic function f(A) =Y a;A* as

C=>a Y,  X{"ViaX$Vag- Vi1 m X
> aj=k—m+1
which we can show converges as each term is bounded by the respective symmetrized term in the (convergent)
series for the derivative of a polynomial function, which sum to give the series for Df(A) - (Viz, ..., Vin—1,m)-
Further, this solution is the only one which satisfies the continuity condition.

Some special cases are important for the sequel. Firstly, the generalization of the scalar expression

k—+1 copies 1
flz,z, ..., 2] = Ef(k)(gc)
is
k41 copies
SO X, X, v, = DR F(X) - (Vi Ve, V).

oESE
Secondly, if the spectra of X7 and X, are distinct (as they would be for the type of block Schur decomposition
employed by the Schur-Parlett algorithm), then divided differences can be computed with standard methods

for the solution of Sylvester equations.

A.1.2 Main Theorem

Theorem If T is a block upper triangular matrix with nonzero blocks Tj;, then

(f(T))” = Z f[TS1S1aTS2527 s 7Tsnlsm]Tslsz7T32537--~aTm—1,m (A5)

1=51<82< " <Sm=]J

using the definition of generalized divided differences from the previous section.

Proof Let F = f(T). The diagonal blocks of F' are given by

Fii = f(Ty) = f[Tu)

As can be seen by directly from the series form of f.
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A basic property of matrix functions is that they commute with their arguments,
TF—-FT =0

Also, a matrix function is a continuous function of its argument, and in particular a continuous function
of each T;;.

Decompose T'= D+ N, where D is block diagonal and N is block-nilpotent (block upper triangular with
zero block diagonal), obtaining

DF —-FD=FN-NF

Considering the ij block of this equation, we obtain a well-known recurrence which gives a Sylvester equation
for F;; with a righthand side which only depends on values of F' on higher superdiagonals (thus allowing a
recursive algorithm for computing F').
j—1
TiiFij — FijT; = Fi Ty — T Fy; + Z FipTkj — Tir Flj (A.6)
k=it+1

When Tj; and Tj; have distinct eigenvalues, this Sylvester equation uniquely determines Fj;. If there are
common eigenvalues, then there are in general a family of solutions, but by a continuity argument we chose
the one discussed above.

We proceed inductively. When 7 = ¢ + 1, the sum on the right hand side is empty, and we have
from definition that F; ;41 = f[Tu, Tjj]Tij7 so the proposition holds on the first superdiagonal. More
generally, assume that the proposition holds on the Ith superdiagonal. Then, substituting the known
blocks of F' into , we obtain that holds on the [ 4+ 1th super diagonal.

O

A.1.3 Relation to the Schur-Parlett Algorithm

The proof of the previous theorem uses the same recursion as the Schur-Parlett algorithm [13], and as
such recovers that algorithm in the case when the Tj; have distinct spectra, as they do when T is a block
Schur decomposition. The theorem above remains true for arbitrary block upper triangular 7', albeit with
generalized divided differences that may not always be convenient to compute.

F;;, unfortunately, seems to require O(m;) operations to stably compute in general, using a series method.
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A.2 Derivatives of Matrix Functions of Block Upper Triangular

Matrices

Armed with (A.5) and its attendant fast algorithm we can quickly produce expressions and fast algorithms

for computing arbitrary derivatives of matrix functions. Indeed, consider a particular block upper triangular

argument
AV
B(A, V) =
0 A
from which we obtain
4 fla.A A) Df(A)-V
f(B(A,V)) = FlAL A Al || f(A) Df(A)
0 f14] 0 £(4)

a well-known identity that is useful for testing purposes, computing derivatives of matrix functions from
a general algorithm for matrix functions, and which (as we shall see below) is also of great theoretical
usefulness.

With our more general framework, this trivially extends to higher derivatives. Indeed, consider B(B(A, V), W)

and compute

fBAv)wy < | T BAY) JBAY).BAVIw

o F(B(A,V)
[ a4, A FIAAlw  fIA A Alvw + fIA, A, Alwy
_ 0 fIA] 0 fTA, Alw)
. Al fA, Al
i 0 flA)

f(A) Df(A)-V Df(A)- W D*f(A)- (V,WV)

) 0 4 0 Df(A)- W)
. f(A) Df(A)-V
0 f(A)

This pattern continues recursively. We can extract D) f(A) - (Vi,Va,.., Vi) as the (1,k) block of
f(Br(A;Vq,...Vy)) where Br(A; V1, ..Vik—1, Vi) = B(Br—1(A4;V1,...Vi—1), Vi) and B1(A4;V) = B(A, V).

Since matrix functions are continuous functions of their arguments, and extraction of a block is a linear
function, this construction immediately shows that what to this point have only been defined as Gateaux

(directional) derivatives are in fact Fréchet derivatives.
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In the general case, one can use the Schur-Parlett algorithm on a full block matrix and extract the deriva-
tives as sub blocks, which shows that a polynomial time algorithm exists for computing general derivatives
of matrix functions, though there is a need to properly adapt the algorithm to take advantage of the highly
structured form of Bjy,.

A.2.1 Derivatives of Diagonalizable Matrices

If A=UXUT is diagonalizable, then we can read off derivatives from (A.5]), which simplifies greatly, as all

blocks are 1 x 1 and all off-diagonal entries of T' are 0. We can recover a well-known expression (Higham

[19] Corollary 3.12), noting and (),
Df(A) -V =U (Df(x) - (Utvuh)u”
We have from that Df(X) -V = f[%, %]y, which is the solution C to
YC+CL = f(S)V+ V(D)

which amounts to computing scalar divided differences of f, giving (4.3)).

The second derivative is given, for A with diagonalization A = UAU7, as
D*f(A)-(V,W) = f[A, A, Alvw + f[A, A, Alwv

which can be written

D?f(A)-(V,W) =UvU”T (A.7)

where

Ui =Y Qi (UTVU) 3 (UTWU); + (UTWU)(UTVU)y)
k

and {2 is a symmetric three-dimensional array of second order divided differences, Q1 = f[Ai, Aj, Ax].

A.3 Computing Divided Differences

Computing a completely general divided difference is a daunting task. However, many special cases are
worth addressing.

When the arguments to a divided difference have distinct spectra, standard methods for solving Sylvester
equations may be employed.

Computing a matrix function itself (a Oth order divided difference) for a triangular matrix with equal or
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near-equal eigenvalues is daunting. State-of-the-art methods [20] still require O(n*) operations in this case,
using series methods.

In the case of diagonalizable matrices, divided differences can be computed, as in Section [A227] by
computing arrays of divided differences of the scalar function f. This is useful in the setting of covariant

hyperelasticity, but even this special case requires care, as we discuss in the following section.

A.3.1 Stabilizing Arbitrary Divided Differences of Scalar Analytic Functions

We present a general method of obtaining stable representations of divided differences of analytic functions
f: C — C. While this method is simple and seems quite powerful, we have not found it in the literature.
We begin with an elementary lemma, that divided differences of analytic functions are themselves mul-

tivariate analytic functions.

Lemma Let f:C* — C be a multivariate analytic function, and fﬁ flxy,...,2p_1,21). Let g : CF+1 —
C be defined by g(x1,...,25-1,y,2) = f[y,z] (the first divided difference of f with respect to its last

argument). Then, g is a multivariate analytic function.

Proof Sketch For brevity, we omit the subscripts on f . Formally construct the power series of f ly, z].
When y # z, f is analytic as the ratio of an analytic function and a nonzero analytic function. By formally
dividing the series representation of f (y) — f (z) by y — z, we obtain a convergent multivariate Taylor series

which is equal to f'(z) when y = z. O

Corollary All divided differences of univariate analytic functions are themselves multivariate analytic
functions.

Consider a multivariate analytic function g : R* — R which, like our divided differences, is computation-
ally tractable to compute for some arguments, which we will call good, but difficult for other, nearby bad
arguments.

Given a good point m € R? and a bad point x s.t. |m — x| is sufficiently small, we can compute g(x) to
arbitrary precision with a Taylor series centered at m.

If we restrict our attention to divided differences, note that a point is good if all pairs of arguments are
equal or well-spaced, and bad if any two arguments are similar (relative to the magnitude of function the
divided difference is based on) but unequal, due to floating-point cancellation errors.

In many cases of interest, by choosing m to respect the symmetry of the divided difference, the form
of the resulting series is a known and easily computable form. For instance, when computing first divided

differences of the exponential function, it is well-known that expressions involving the sinh function arise
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when m is chosen to be the average of the arguments and we let m = (m,m). Similarly, expressions involving
tanh ™! are known to arise when considering the first divided difference of the logarithm.

This technique can be generalized with the following procedure. Partition the arguments z;of the divided
difference into k clusters with the property that no two elements of distinct clusters are separated by a
distance less than a chosen € and such that each element in a non-singleton cluster is less than € away from
another element of the cluster. Choose a cluster center within each cluster and let m; be the cluster center
associated with the argument z;, arranged into a vector m. Using the analyticity of the divided difference
function, write it in terms of the m; and new variables d; = x; — m;, in particular as a multivariate Taylor
Series about m; in each argument. Since the cancellation error is large precisely when the d; are small but

non-zero, the resulting series expression can be evaluated accurately with a small number of terms.

A.3.1.1 Example: Stabilized divided differences of the Logarithm

To provide a concrete example, we note the stabilized forms required for computation of the first two
derivatives of the matrix logarithm of a diagonalizable matrix, in those cases where it cannot be computed
stably from the definition, that is when two or more eigenvalues are poorly separated but unequal. The

resulting series can be truncated to give any desired accuracy.

First Divided Difference For |\; — ;| < 1, let m = (A\; + A;)/2,d = (A — A;)/2, and we have the
expression
tanh™'(d/m) =\ (d/m)%
log[Ai, \j] = (1/m)———F——~——==(1/m) ) ~———
! (d/m) Z
Second Divided Difference, case 1 If \; = A; and |\; — A\g| < 1, we choose m = (A;, A, \;) and let
d = A\ — \; to obtain

1 ) k+1 d k
log® i, Aj, A, ATQZ k ( )

k=0 Ai

Second Divided Difference, case 2a If |A\; — \j| < 1 but Ay is well separated from X; and \;, by
choosing m = (m,m, \), where m = (\; + A;)/2 and letting d = (A\; — A\;)/2, we obtain a tractable power

series, the first two terms of which we compute here as

(m = M) + m (log(\) — log(m))
(m — Xg)?m
N ((m = Ak)) (227 — TAem + 11m?) + 6m>(log(A\x) — log(m)))
6(m — A\g)*m?

log [)\z, Ajs Akl =

d2

+0(d*)
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Second Divided Difference, case 2b If all three eigenvalues A;, A\j, A are clustered, by choosing m =

i+,
3

(m,m,m) where m = , we obtain a tractable power series in terms of the components of d =

(Aiy Ajy Ak) —m = (d;, dj, di). The leading terms are again computed for reference here.

1 1
log®/ [N, \j Akl = = 55 — g (di o+ dj + d)

1
- m(df + did; + d5 + djdi + dj, + dyd;)

+0(|dP)

A.4 Series Methods

Though this exposition focuses on spectral formulea for computing derivatives of matrix functions, an alter-
native that can be preferable is to differentiate an available series representation for f directly. In particular,
this can be useful when the relevant series converges rapidly, or when working with a matrices with significant
degenerate subspaces. Series methods also have a place within other methods, as in the block Schur-Parlett
method for computing f(7") [13], and are readily adapted to compute derivatives of Taylor series [47]. Meth-
ods based on Padé approximants are the state-of-the-art methods for computing first derivatives of matrix
exponential and logarithm functions. These methods take advantage of identities specific to these functions,

so are not directly generalizable.
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Appendix B

Sample Code

We present some pseudo-C++ related to building Newton and Gauss-Newton systems for the methods
presented in this thesis. The code is not intended to be complete or optimized, but rather to give a clearer
idea of the practical expressions used for computation and to give a guide for those who would like to

reimplement the methods.

B.1 Biot Strain Energy Newton System Assembly Pseudocode

The following pseudo-C++ should allow for easy implementation of the methods of Chapter See also
Appendix[C] The code in this section is adapted from the publication by Chao, Pinkall, Sanan and Schroder

[9].

B.1.1 Triangle Meshes

A full implementation computes quantities on a per triangle basis and puts them into the data structures for
the minimizer. This implies a loop over the triangle and some mapping from the local vertices into a global

array. For clarity this is left out and we treat a triangle all by itself.

Listing B.1: Unadorned Triangle Data Structure

class Tri{
// X dependent (i.e., constant) section
Vec?2 x[4]1; // original configuration
Vec2 AreaGrad([3]; // area grad wrt vertex i=0,1,2
double we[3]; // edge weights of 2D Laplace
double area; // area of original triangle

Mat2x2 Outer[6]; // Precomputed outer products of reference edges

// x section which needs to be updated as we go along
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Vec2 q[3]; // current deformed configuration
Mat2x2 R; // optimal rotation for current g
Mat2x2 Y; // symmetric factor for current g
double w; // weight in second part of Hessian

bi

Tri::Init () {
// compute all quantities depending on p alone

// compute: vol, AreaGrad, we, Outer, R=Id() and store

Tri::ComputeAreaGrad( int 1 ) {
// volume gradient wrt to X_i (i=0,1,2)
int j = (i+1)%3, k = (i+2)%3;
// units of m"2

AreaGrad[i] = (X[k]-X[J]).rotatePiOver2()/2;

// used to fill we[] array

double

Tri::ComputeEdgeWeight ( int i, int 3§ ) {
// weight in Dirichlet energy for edge ij
// assumes volume gradients are initialized
// units of (m"2)°2/m"3 = m

return -AreaGrad[i].dot (AreaGrad[j])/area;

Tri::ComputeOuterMatrices () {
// for the second term in the Hessian; precompute fixed matrices
// outer products of opposing edges
for (int 1i=0; i < 3; ++1i){
Vec2 Oppil = X[1+2%3]1-X[1+1%3];
for (int j=0; J < 3; ++3){
Vec2 Oppj = X[j+2%3]1-X[j+1%3];
Outer[3xi+j] = Oppi.Outer (Oppj);

Listing B.2: Machinery for the First Variations of Biot Strain Energy for Triangles

Vec2

Tri::LaplaceQ( int i ){
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// use precomputed cotxedgelength weights

int j = (i+1)%3, k = (i+2)%3;

// e() maps from two index pairs to one of 3 edges (e(i,]j)=0,1,2)
return

wele(i,3) 1+ (x[1]1-x[]]) + wele(i, k)]~ (x[i]-x[k]) ;

Vec2
Tri::Grad( int i, double alpha, double beta ) {
// gradient of energy wrt to i
// assumes R and Y are current wrt x
const double a2 = alphaxalpha, b2 = betaxbeta;
return b2xLaplaceQ (i) - (a2-(a2-b2)*Y.Trace()/2)*RxVolGrad[i];

Listing B.3: Machinery for the Second Variations of Biot Strain Energy for Triangles

Mat2x2
Tri::HessianSecondPart ( int i, int J ) {
// computes local stiffness contribution from varying x_i,x_J
// assumes Outer[] has been initialized
// assume R 1s current at time of call
if( isNotApproximatelyZero(Y.Trace()) {
// member function T () returns transpose
return RxOuter[3xi+j]1*R.T()/ (4*Y.Trace () xarea);
telse(

return Mat2x2::Zero();

Mat2x2
Tri::HessianFirstPart( int i, int j ){
// Laplace part
// wel[] are the original Laplace edge weights indexed by edge
if( 1 == j ){ // diagonal entry
// negative sum of off-diagonal entries in that row
// e(a,b) maps a,b=0,1,2 to edge number 0,1,2
return Id(2)* (wele (i, (i+1)\%3) ]+wele (i, (i+2)\%3)];
telse(

return -Id(2)xwele (i, J)];
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Mat2x2
Tri::HessianSecondPartABSplit ( int i, int j ) {
// when \alpha \neqg \beta this part splits off and is linearly combined
// assumes R is current at time of Call
//
// the outer product between AreaGrad’s could be precomputed

return (RxAreaGrad[i]).Outer (RxAreaGrad[j])/area;

Mat2x2
Tri::TotalHessian( int i, int Jj, double alpha, double beta ) {
// For a Gauss-Newton solver, ignore HessianSecondPart
const double a2 = alphaxalpha, b2 = betaxbeta;
if ( alpha == beta ) {
return a2« (HessianFirstPart (i, j) -HessianSecondPart (i, j));
telse(
return
b2xHessianFirstPart (i, j) -
(a2-(a2-b2) +«Y.Trace () /2) *HessianSecondPart (i, j) +

(a2-b2) /3+HessianSecondPartABSplit (i, 3j);

B.1.2 Tetrahedral Meshes

Again, for clarity we only present expressions for gradient and Hessian contributions from individual vertex
degrees of freedom, and do not include iterations over all vertices and elements and assembly into global

data structures.

Listing B.4: Unadorned Tetrahedron Data Structure

class Tet{
// X dependent (i.e., constant) section
Vec3 X[4]; // original configuration
Vec3 VolGrad[4]; // vol grad wrt vertex i=0,1,2,3
double we[6]; // edge weights of 3D Laplace
double vol; // volume of original tet

Mat3x3 Curl[4]; // Precomputed opposing edge outer product sums

// x section which needs to be updated as we go along
Vec3 x[4]; // current deformed configuration
Mat3x3 R; // optimal rotation for current g

Mat3x3 Y; // symmetric factor for current g
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Mat3x3 W; // weight matrix in second part of Hessian

bi

Tet::Init () {
// compute all quantities depending on p alone

// compute: vol, VolGrad, we, Curl, R=Id() and store

Tet::ComputeCurlMatrices () {
// for the second term in the Hessian; precompute fixed matrices
const int i = 0, 3 =1, k=2, 1 = 3;
// six edges
const Vec3
pij = pljl-pli]l, plk = plkl-p[l], pik = pl[k]-pli],
pjl = pll]l-pl3], pil = plll-p[i]l, pk]j = pl[J]l-plk];
// outer products of opposing edges in the needed linear combinations

// could be optimized further, but is only precomputation, so don’t bother

Curl[i] = pij.Outer(plk) + pik.Outer(pjl) + pil.Outer (pkj);
Curl[j] = pij.Outer(plk) + pjl.Outer (pik) + pkj.Outer (pil);
Curl[k] = plk.Outer(pij) + pik.Outer(pjl) + pkj.Outer(pil);
Curl[l] = plk.Outer(pij) + pjl.Outer (pik) + pil.Outer (pkj);

Listing B.5: Machinery for the First Variations of Biot Strain Energy for Tetrahedra

Tet::ComputeVolGrad( int 1 ) {
// volume gradient wrt to X_i (i=0,1,2,3)
int j = (i+1)%4, k = (i+2)%4, 1 = (i+3)%4;
// units of m"2
VolGrad[i] = (X[k]-X[1]).cross(X[j]-X[1])/6;

// used to fill we[] array

double

Tet::ComputeEdgeWeight ( int i, int J ) {
// weight in Dirichlet energy for edge 1ij
// assumes volume gradients are initialized
// units of (m"2)°2/m"3 =m

return -VolGrad[i].dot (VolGrad[j]) /vol;

Vec3

Tet::LaplaceQ( int i ){
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// use precomputed cotxedgelength weights

int j = (i+1)%4, k = (i+2)%4, 1 = (i+3)%4;

// e() maps from two index pairs to one of 6 edges (e(i,j)=0,1,2,3,4,5)
return

wele(i,3) 1+ (x[1]1-x[]J]) + wele(i, k)] (x[i]-x[k]) + wele(i, 1) ]~ (x[1]-x[1]);

Vec3
Tet::Grad( int i, double alpha, double beta ) {
// gradient of energy wrt to i
// assumes R and Y are current wrt x
const double a2 = alphaxalpha, b2 = betaxbeta;
return b2xLaplaceQ (i) - (a2-(a2-b2)*Y.Trace()/3)*RxVolGradl[i];

Listing B.6: Machinery for the Second Variations of Biot Strain Energy for Tetrahedra

Tet::ComputeW () {
// assumes Y is current at time of call
// this is a weighting factor which depends on x (through Y)

W = (Y.Trace()*Id(3)-Y).Inv(); // Expects W to be set to zero if the inverse does not exist

Mat3x3
Tet::HessianSecondPart ( int i, int j ) {
// computes local stiffness contribution from varying p_i,p_]J
// assumes Curl[] has been intialized
// assume R and W are current at time of call
Mat3x3 RMi = RxCurl([i], RMJj = R«Curl[j];
// member function T () returns transpose

return RMi*W+RMJj.T()/ (36*vol);

Mat3x3
Tet::HessianFirstPart ( int i, int j ){
// Laplace part
// wel[] are the original Laplace edge weights indexed by edge
if( i == j ){ // diagonal entry
// negative sum of off-diagonal entries in that row
// e(a,b) maps a,b=0,1,2,3 to edge number 0,1,2,3,4,5

return Id(3)* (wele (i, (1+1)%4) J+wele (i, (i+2)%4) ]+wele (i, (1+3)%4)]);
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le

Mat3
Tet:
//
//
//
//
//
//

1se{

return -Id(3)*wele(i,]J)];

x3
:HessianSecondPartABSplit ( int i, int j ) {
when \alpha \neq \beta this part splits off and is linearly combined
assumes R is current at time of Call
the outer product between VolGrad’s could be precomputed, but we
would have to store 10 of them (symmetric part of 4x4 matrix) and
don’t want to burn the memory

return (R*VolGrad[i]).Outer (R*VolGrad[j])/vol;

Mat3

Tet:

x3

:TotalHessian( int i, int j, double alpha, double beta ) {

// For a Gauss-Newton solver, ignore HessianSecondPart

const double a2 = alphaxalpha, b2 = betaxbeta;

if( alpha == beta ) {

return a2« (HessianFirstPart (i, j) -HessianSecondPart (i, j));

}else{

return
b2+HessianFirstPart (i, j) -
(a2-(a2-b2) *Y.Trace () /3) *rHessianSecondPart (i, j) +

(a2-b2) /3+HessianSecondPartABSplit (i, 3J);

B.2

Bounded-Distortion Parameterization Augmented Lagrangian

System Assembly Pseudocode

We provide additional terms which, when combined with the expressions in Section allow construction

of the Augmented Lagrangian system described in Chapter [3]

Listing B.7: Machinery for the First and Second Variations of Augmented Terms

class AugTri : public Tri

{

double lambda; // Estimated Lagrange Multiplier
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double muj; // Penalty Parameter

double Ctilde; // in [0,1], controlling allowable distortion
double cAdj; // Shifted constraint function

double normYbar; // ||Y-Y.trace()/d||_£fro

bi

double
AugTri::ComputeCAdj
{
// Assumes Y has been computed

return fmax (0, Ctilde » (Y.Trace()/sqrt(2)) - normYbar + lambda/mu);

Vec2
AugTri::AugGradFirstTerm(int 1)
{
// Assumes R and Y have already been computed

return (1/sqrt(2)) = R * areaGrad[i];

Vec2
AugTri::AugGradSecondTerm (int 1)
{
// Assumes that R and normYbar has been computed

return (LaplaceQ (i) - (Y.Trace()/2)*R*xareaGrad[i]) /normYbar;

Vec2
AugTri::GradC (int 1)
{

return Ctilde * AugGradFirstTerm(i) - AugGradSecondTerm(i);

Vec2
AugTri::AugGrad(int i)
{
// Assumes that cAdj has already been computed

return mu * cAdj x gradC(i);

Mat2x2
AugTri::AugGaussNewtonTerms (int i, int 3J)

{
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if (cAdj == 0) return Mat2x2::Zero();

return (GradC(i)) .Outer (GradC(j))/area;

Mat2x2
AugTri::cHess (int i, int 3j)
{
// Outer products of areaGrads can be precomputed if desired
return
Ctilde * (1/sqgrt(2)) * (1/(4xareaxtrace(Y)))*R+outer[3+i+Jj]+R.T() +
—(
AugGradSecondTerm (i) .Outer (AugGradSecondTerm(j))
AugGradFirstTerm (i) .outer (AugGradFirstTerm(J))
+ (1/8) * R x outer[3xi+j]*R.T();

)i

Mat2x2
AugTri::AugHess (int i, int 3j)
{
// For a Gauss-Newton solver, ignore the cHess contribution
// This expression amounts to a combination of LaplaceQ blocks,
// outer blocks, and areaGrad outer product blocks, and
// can be further simplified by noting that structure

return mu * ( AugGaussNewtonTerms (i, j) + cAdj » cHess (i, ]j) )

B.3 Generalized Quadratic Strain Energies Pseudocode

Here, we present expressions useful for constructing a Newton or Gauss-Newton system to minimize the
strain energies discussed in Chapter El Here, we template on the dimension of the simplex D (2 for triangles,

3 for tetrahedra).

Listing B.8: Unadorned Element Data Structure for Generalized Strain Energies

template<int D>

class Element

{
Vec<D> VolGrad[D+1];
double vol;
Mat<D> F;

Mat<D> C;
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Mat<D> U;
DiagonalMat<D> Lambda;
double a, b;

// Scalar strain function and its first two derivatives
double (*f) (double) ;
double (xfp) (double);
double (xfpp) (double);

// Various matrix functions of C

Mat<D> £fC, fpC, pC;

// Arrays of Divided Differences

Mat<D> Thetap, Thetafp;

Listing B.9: Machinery for the First and Second Variations of Generalized Strain Energies

template<int D>
Vec<D>
Element<D>::Gradient (int 1)
{
return (2/vol) *Fx ((a”2-b"2)x (fC.Trace () /D) xfpC + b 2%pC) xareaGrad[i];

template<int D>
Mat<D>
Element<D>::HessianFirstTerm(int i, int j, Mat<D> gC)
{
return Mat<D>::Identity () % volGrad[i].T()=*gCxvolGradl[jl;

template<int D>
Mat<D>
Element<D>::HessianSecondTerm(int i, int j, Mat<D> Thetag)
{

// Outer products of volGrad terms can be precomputed if desired

return (F«*U) *(

Diag(Thetag * (U.T() * volGrad[i].elementWiseProduct (U.T() = volGrad[j]l))) +
Thetag.elementWiseProduct (U.T() % (volGrad[j].Outer (volGrad[i])) = U)
) * (FxU) .T();
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template<int D>

Mat<D>

Element<D>::Hessian(int i, int j)

{

// Omit HessianSecondTerm to obtain Gauss-Newton solver
// Outer products of volGrad terms can be precomputed if desired
if (a==Db) {
return (2.0/vol) * b"2 % ( HessFirstTerm(i, j,pC) + HessSecondTerm(i, j,pC,Thetap));
lelse(
const double a2b2 = (a"2-b"2);
return (2.0/vol) * (
b"2 * (HessianFirstTerm(i, j,pC) + HessSecondianTerm(i, j, Thetap)) +
a2b2 % fC.Trace()/D x (HessianFirstTerm(i,j, fpC) + HessSecondianTerm(i, j, Thetafp))+
az2b2 x F * fpC *volGrad[i]) .Outer(F x fpC(volGradl[j]
)i
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Appendix C

Matrix Facts

The results presented in this Appendix are based on the publication A Simple Geometric Model

for Elastic Deformations by Chao, Pinkall, Sanan and Schroder [9].

We collect some identities useful for deriving the expressions for the second discrete variation of the

elastic energy in Chapter

Inner products of 2D and 3D matrices are given by (A, B) = tr(ATB) with the Ly-norm |A|? = (A, A)
used to measure distances between matrices dist(A,B) = |A — BJ|. All matrices with positive determinant
possess a unique (right) polar decomposition A = RY into a rotation R and a symmetric Y = (ATA)'/2,
This R is closest to A in the Lo-norm. This follows from |[RY — R|? = [Y — I|? and the Ly orthogonality

of symmetric and anti-symmetric matrices, the latter forming the tangent space to SO(n) at the identity.

Inner products involving anti-symmetric matrices can be greatly simplified. Consider (B, A x) for
arbitrary B and anti-symmetric Ax. The result depends only on the anti-symmetric part of B, Bx =
%(B — BT) due to the orthogonality of symmetric and anti-symmetric matrices. In the 2D case, anti-
symmetric matrices A x are multiples of J, the rotation by 7/2, Ax = aJ. We will denote the extraction of
the representative a as X(Ax) = a and more generally use X(B) = b for extracting the representative of the
anti-symmetric part of an arbitrary B. Hence (B,Ax) = 2X(B)X(Ax). In 3D anti-symmetric matrices
can be written as cross products with suitable vectors a, Ax = ax. Again we use the notation X(vx) = a
for “pulling out” the representative, this time a 3-vector. Consequently (B,vx) = 2(X(B),X(vx)). We
summarize this by writing (B,vx) = 2(X(B), X(vx)) in both the 2D and 3D cases.

The representative of the anti-symmetric part of a map could be computed by first finding the
corresponding matrix representation and then “extracting” the representative as above. Alternatively, and

more simply, it can be computed directly from the X (domain) and x (range) data as the discrete curl of x.
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For a given triangle X;;, we get
cijie = (5(xi + 25), Xij) + (5 (25 + 21), Xjn) + (5 (2n + 24), Xna)

as the boundary integral (using Stokes’ theorem) of the corresponding piecewise linear interpolant. For maps

over 2D triangles we then get

X(v) = izt

a5k’
i.e., the discrete curl is normalized by the area a;; of the triangle X;;; and X(v) becomes its density. For
maps over tetrahedra the 3-vector representative of the anti-symmetric part of the map is also given as a
density, this time normalized by the tetrahedron volume v

X(v) = g2 (eriXij + c1jiXik + cijrXit)-

6v;5k1

This expression uses the fact that discrete curls are divergence free, i.e., they must sum to zero over the
boundary of a tetrahedron. Hence four discrete curl values on the faces of a tetrahedron together with the
divergence free constraint uniquely fix the discrete curl 3-vector X(v) associated to the tetrahedron as a

whole.
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