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ABSTRACT

Autonomous agents that perceive, reason, and interact with the world promise a future
where intelligent systems assist with daily activities, support work in homes and
factories, and take on labor-intensive or repetitive tasks across diverse environments.
Tremendous progress has been made across embodied AI, from self-driving cars
and autonomous drones to whole-body locomotion and dexterous manipulation, yet
building generalist agents that learn continually, generalize broadly, and operate
reliably in open-world settings remains an open challenge. Modern systems face
three key limitations: the scarcity and cost of collecting large-scale interactive
experience; the difficulty of grounding high-level goals into long-horizon behavior;
and the fragmentation of perception, language understanding, and motor control
across modular, separately trained components.

This dissertation explores a unified and scalable recipe for building foundation agents.
The core premise is that internet-scale multimodal data, large language models as the
embodied reasoning engine, and unified Vision-Language-Action (VLA) architectures
together provide a powerful path toward open-ended embodied intelligence. First,
internet-scale multimodal data, including gameplay videos, human activity datasets,
online tutorials, and wiki documentation, offers unprecedented breadth, exposing
agents to diverse strategies, affordances, and environment configurations that cannot
be replicated through controlled robotic data collection alone. Second, large language
models provide a flexible cognitive layer for planning, task decomposition, iterative
self-improvement, tool use, reward generation, and continual skill acquisition without
parameter updates. Third, VLA models unify perception, language grounding, and
continuous low-level action, enabling fluid real-time behavior across simulation,
gaming environments, and physical robotic platforms, while transferring effectively
across task families and embodiments.

By integrating these three components, this dissertation advances the development
of embodied agents that can draw upon internet-scale knowledge, reason through
language, and translate abstract plans into physical behavior. Together, these ideas
aim to move us closer to general, open-ended agents that operate with the reliability,
adaptability, and competence required to assist humans across a wide range of
real-world tasks.
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C h a p t e r 1

INTRODUCTION

1.1 Background and Motivation
Autonomous agents that perceive, reason, and interact with the world promise a future
where intelligent systems can help with daily activities, assist in homes and factories,
and take on labor-intensive or repetitive tasks across a wide range of environments.
Tremendous progress has been made across embodied AI, from self-driving cars
(Yurtsever et al., 2020; Tesla, Inc., 2025) and autonomous drones (Floreano et al.,
2015; Shi et al., 2019; O’Connell et al., 2022) to robotic agents capable of whole-
body locomotion (Luo et al., 2025; Cheng et al., 2024) and dexterous manipulation
(Rajeswaran et al., 2018; Black et al., 2024). Yet despite these advances, building
generalist agents that learn continually, generalize broadly, and operate reliably in
open-world environments remains an open challenge.

Developing such general agents requires jointly overcoming limitations in data,
embodied reasoning, and model architecture. First, embodied learning is inherently
constrained by the difficulty of collecting large-scale interactive experience. Real-
world data is expensive and slow to gather (Zhu et al., 2020a; Zhao et al., 2020).
Robotic platforms incur significant wear during exploration, and manual resets
further limit throughput (Gupta et al., 2021; Chatzilygeroudis et al., 2018). Moreover,
laboratory environments cannot capture the diversity of tasks and scenes found in
unstructured real-world settings (Open X-Embodiment Collaboration et al., 2024).
As a result, agents trained solely on limited physical data struggle to acquire the
breadth of experience needed for open-ended competence.

Second, even with sufficient data, conventional policies lack the ability to transform
high-level goals into long-horizon, multi-step behavior. End-to-end reinforcement
learning (RL) pipelines (Schulman et al., 2017; Haarnoja et al., 2018; Fujimoto et al.,
2018) operate directly on control signals and often fail to decompose tasks (Nachum
et al., 2018), detect or recover from mistakes once trajectories deviate from training
distributions (Garcıa et al., 2015), or incorporate human feedback without retraining
(Christiano et al., 2017). This gap between semantic intent and motor execution
becomes especially severe in open-ended environments where agents must interpret
ambiguous instructions (Fu et al., 2019; Nair et al., 2021), anticipate future events
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(Brohan et al., 2023a), or recover from mistakes (Huang et al., 2022b).

Third, traditional model architectures typically separate perception, language under-
standing, and action, which makes it difficult to coordinate these components in the
real world. Independent vision encoders (He et al., 2015; Kostrikov et al., 2020),
language models (Brown et al., 2020; Radford et al., 2019), and control policies (Chi
et al., 2024a) must be tuned jointly to handle diverse, dynamic, and unpredictable
conditions. Such modular pipelines struggle under distribution shifts (Dulac-Arnold
et al., 2019) and cannot easily scale to new embodiments or task categories (Driess
et al., 2023; NVIDIA et al., 2025; Black et al., 2024).

These challenges motivate the need for a more unified and scalable approach to
embodied intelligence. In this dissertation, we explore such an approach: a three-part
recipe for building foundation agents. The core premise is that internet-scale
knowledge, language-based embodied reasoning, and unified Vision-Language-
Action (VLA) models together provide a powerful path toward general, open-ended
intelligence.

The first component of this recipe is the use of internet-scale multimodal data as
a training substrate. The internet offers unprecedented breadth through gameplay
videos (Fan et al., 2022; Magne et al., 2026), human activity datasets (Miech
et al., 2019; Kay et al., 2017), online tutorials, and wiki documentation (Reid et al.,
2022). These datasets expose agents to diverse strategies, problem-solving patterns,
and environment configurations that are impossible to replicate through controlled
robotic data collection alone. Gameplay data supplies open-ended tasks and creative
action sequences at an enormous scale, while human videos provide high-level
cues about affordances, interactions, and how people behave in everyday settings.
Together, they form a broad and complementary foundation for learning transferable,
general-purpose behaviors.

The second component is the use of large language models as the reasoning engine.
LLMs encode extensive world knowledge (Brown et al., 2020), excel at planning
(Huang et al., 2022a; Wang et al., 2023a), task decomposition (Brohan et al., 2023a),
tool use (Schick et al., 2023), and structured output generation (Liang et al., 2023;
Chen et al., 2021c). Embedding LLMs in the perception–action loop enables agents
to:

• interpret natural language instructions as actionable plans (Huang et al., 2022a),
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• iteratively refine their behavior through environment feedback (Huang et al.,
2022b),

• generate reward functions, skill code, or task scaffolds (Ma et al., 2024),

• and acquire new abilities without updating model parameters (Wang et al.,
2023a).

LLMs thus bridge the gap between semantic understanding and control, providing a
cognitive layer that helps agents structure their behavior in complex environments.

The final component is the development of VLA foundation models that unify
perception, language grounding, and motor control. These models build upon
multimodal transformers (Alayrac et al., 2022; Jiang et al., 2023; Driess et al., 2023),
aligning visual understanding and language context with continuous low-level actions.
Trained across diverse data sources and embodiments, VLA models can execute fluid,
real-time behaviors in both simulated environments (Zhu et al., 2020c; Nasiriany
et al., 2024; Raad et al., 2024) and physical robotic platforms (Brohan et al., 2022;
Brohan et al., 2023b; Bu et al., 2025), while also transferring skills between gaming,
simulation, and real-world tasks (Raad et al., 2024; Magne et al., 2026; Reed et al.,
2022).

Together, these three components form a cohesive recipe for building foundation
agents: systems that draw upon the breadth of internet knowledge, leverage the
reasoning capabilities of LLMs, and employ unified VLA architectures to ground
abstract plans into physical behavior. By integrating open-ended exploration, scalable
skill acquisition, automated reward synthesis, and cross-embodiment control, this
dissertation aims to advance embodied agents toward human-level generality. We
hope that the ideas presented herein bring us closer to a future in which intelligent
agents, both virtual and physical, operate with the reliability, adaptability, and
competence required to assist humans across a broad spectrum of real-world tasks.

1.2 Thesis Outline
Building on the proposed recipe for building foundation agents, this dissertation is
organized around its three core components. Chapters 2 and 3 present agent learning
methods for leveraging internet-scale multimodal data. Chapters 4 and 5 investigate
large language models as the reasoning engine. Chapters 6 and 7 develop VLA
models that unify perception, language, and action.
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Chapter 2 introduces MineDojo, a novel framework for developing generally capable
embodied agents with internet-scale knowledge. Autonomous agents have made
great strides in specialist domains like Atari games and Go. However, they typically
learn tabula rasa in isolated environments with limited and manually conceived
objectives, thus failing to generalize across a wide spectrum of tasks and capabilities.
Inspired by how humans continually learn and adapt in the open world, we advocate a
trinity of ingredients for building generalist agents: 1) an environment that supports
a multitude of tasks and goals, 2) a large-scale database of multimodal knowledge,
and 3) a flexible and scalable agent architecture. We introduce MineDojo, a new
framework built on the popular Minecraft game that features a simulation suite with
thousands of diverse open-ended tasks and an internet-scale knowledge base with
Minecraft videos, tutorials, wiki pages, and forum discussions. Using MineDojo’s
data, we propose a novel agent learning algorithm that leverages large pre-trained
video-language models as a learned reward function. Our agent is able to solve a
variety of open-ended tasks specified in free-form language without any manually
designed dense shaping reward.

Chapter 3 presents NitroGen, a video-action foundation model for generalist gaming
agents that is trained on 40,000 hours of gameplay videos across more than 1,000
games. We incorporate three key ingredients: 1) an internet-scale video-action
dataset constructed by automatically extracting player actions from publicly available
gameplay videos, 2) a multi-game benchmark environment that can measure cross-
game generalization, and 3) a unified vision-action model trained with large-scale
behavior cloning. NitroGen exhibits strong competence across diverse domains,
including combat encounters in 3D action games, high-precision control in 2D
platformers, and exploration in procedurally generated worlds. It transfers effectively
to unseen games, and outperforms models trained from scratch.

Chapter 4 proposes Voyager, the first LLM-powered embodied lifelong learning
agent in Minecraft that continuously explores the world, acquires diverse skills, and
makes novel discoveries without human intervention. Voyager consists of three
key components: 1) an automatic curriculum that maximizes exploration, 2) an
ever-growing skill library of executable code for storing and retrieving complex
behaviors, and 3) a new iterative prompting mechanism that incorporates environment
feedback, execution errors, and self-verification for program improvement. Voyager
interacts with GPT-4 via blackbox queries, which bypasses the need for model
parameter fine-tuning. The skills developed by Voyager are temporally extended,
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interpretable, and compositional, which compounds the agent’s abilities rapidly and
alleviates catastrophic forgetting. Empirically, Voyager shows strong in-context
lifelong learning capability and exhibits exceptional proficiency in playing Minecraft.
Voyager is able to utilize the learned skill library in a new Minecraft world to solve
novel tasks from scratch, while other techniques struggle to generalize.

Chapter 5 discusses Eureka, which uses LLMs for robot reward design. LLMs
have excelled as high-level semantic planners for sequential decision-making tasks.
However, harnessing them to learn complex low-level manipulation tasks, such as
dexterous pen spinning, remains an open problem. We bridge this fundamental gap
and present Eureka, a human-level reward design algorithm powered by LLMs.
Eureka exploits the remarkable zero-shot generation, code-writing, and in-context
improvement capabilities of state-of-the-art LLMs, such as GPT-4, to perform
evolutionary optimization over reward code. The resulting rewards can then be used
to acquire complex skills via reinforcement learning. Without any task-specific
prompting or pre-defined reward templates, Eureka generates reward functions
that outperform expert human-engineered rewards. The generality of Eureka also
enables a new gradient-free in-context learning approach to reinforcement learning
from human feedback (RLHF), readily incorporating human inputs to improve the
quality and the safety of the generated rewards without model updating. Finally,
using Eureka rewards in a curriculum learning setting, we demonstrate for the first
time, a simulated Shadow Hand capable of performing pen spinning tricks, adeptly
manipulating a pen in circles at rapid speed.

Chapter 6 introduces VIMA, a novel multimodal prompting formulation that converts
diverse robot manipulation tasks into a uniform sequence modeling problem. Prompt-
based learning has emerged as a successful paradigm in natural language processing,
where a single general-purpose language model can be instructed to perform any
task specified by input prompts. Yet task specification in robotics comes in various
forms, such as imitating one-shot demonstrations, following language instructions,
and reaching visual goals. They are often considered different tasks and tackled by
specialized models. This work shows that we can express a wide spectrum of robot
manipulation tasks with multimodal prompts, interleaving textual and visual tokens.
We design a transformer-based generalist robot agent, VIMA, that processes these
prompts and outputs motor actions autoregressively. To train and evaluate VIMA,
we develop a new simulation benchmark with thousands of procedurally-generated
tabletop tasks with multimodal prompts, 600K+ expert trajectories for imitation
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learning, and four levels of evaluation protocol for systematic generalization. VIMA
achieves strong scalability in both model capacity and data size.

Chapter 7 presents GR00T N1, an open VLA model for generalist humanoid robots.
General-purpose robots need a versatile body and an intelligent mind. Recent
advancements in humanoid robots have shown great promise as a hardware platform
for building generalist autonomy in the human world. A robot foundation model,
trained on massive and diverse data sources, is essential for enabling the robots to
reason about novel situations, robustly handle real-world variability, and rapidly
learn new tasks. To this end, we introduce GR00T N1, an open foundation model
for humanoid robots. GR00T N1 is a VLA model with a dual-system architecture.
The vision-language module (System 2) interprets the environment through vision
and language instructions. The subsequent diffusion transformer module (System
1) generates fluid motor actions in real time. Both modules are tightly coupled
and jointly trained end-to-end. We train GR00T N1 with a heterogeneous mixture
of real-robot trajectories, human videos, and synthetically generated datasets. We
show that our generalist robot model GR00T N1 outperforms the state-of-the-art
imitation learning baselines on standard simulation benchmarks across multiple
robot embodiments. Furthermore, we deploy our model on the Fourier GR-1
humanoid robot for language-conditioned bimanual manipulation tasks, achieving
strong performance with high data efficiency.

Finally, Chapter 8 concludes with a summary of the core ideas presented in this
dissertation and discusses several promising avenues for scaling and advancing
foundation agents even further.
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C h a p t e r 2

INTERNET KNOWLEDGE FOR OPEN-ENDED AGENT
LEARNING

This chapter is based on the paper:

Fan, Linxi, Guanzhi Wang∗, Yunfan Jiang∗, Ajay Mandlekar, Yuncong Yang,
Haoyi Zhu, Andrew Tang, De-An Huang, Yuke Zhu, and Anima Anandku-
mar (2022). Minedojo: Building Open-Ended Embodied Agents With Internet-
Scale Knowledge. In: Advances in Neural Information Processing Systems 35,
pp. 18343–18362. url: https://papers.nips.cc/paper_files/paper/
2022 / file / 74a67268c5cc5910f64938cac4526a90 - Paper - Datasets _
and_Benchmarks.pdf.

2.1 Introduction
Developing autonomous embodied agents that can attain human-level performance
across a wide spectrum of tasks has been a long-standing goal for AI research. There
has been impressive progress towards this goal, most notably in games (Mnih et al.,
2013; OpenAI et al., 2019; Vinyals et al., 2019a) and robotics (Kolve et al., 2017;
Savva et al., 2019; Zhu et al., 2020c; Xia et al., 2019; Shen et al., 2020). These
embodied agents are typically trained tabula rasa in isolated worlds with limited
complexity and diversity. Although highly performant, they are specialist models
that do not generalize beyond a narrow set of tasks. In contrast, humans inhabit
an infinitely rich reality, continuously learn from and adapt to a wide variety of
open-ended tasks, and are able to leverage large amount of prior knowledge from
their own experiences as well as others.

We argue that three main pillars are necessary for generalist embodied agents to
emerge. First, the environment in which the agent acts needs to enable an unlimited
variety of open-ended goals (Standish, 2003; Langdon, 2005; Taylor et al., 2016;
Stanley et al., 2017). Natural evolution is able to nurture an ever-expanding tree of
diverse life forms thanks to the infinitely varied ecological settings that the Earth
supports (Stanley et al., 2017; Wang et al., 2019). This process has not stagnated
for billions of years. In contrast, today’s agent training algorithms cease to make
new progress after convergence in narrow environments (Mnih et al., 2013; Zhu
et al., 2020c). Second, a large-scale database of prior knowledge is necessary

https://papers.nips.cc/paper_files/paper/2022/file/74a67268c5cc5910f64938cac4526a90-Paper-Datasets_and_Benchmarks.pdf
https://papers.nips.cc/paper_files/paper/2022/file/74a67268c5cc5910f64938cac4526a90-Paper-Datasets_and_Benchmarks.pdf
https://papers.nips.cc/paper_files/paper/2022/file/74a67268c5cc5910f64938cac4526a90-Paper-Datasets_and_Benchmarks.pdf
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Figure 2.1: MineDojo is a novel framework for developing open-ended, generally
capable agents that can learn and adapt continually to new goals. MineDojo features
a benchmarking suite with thousands of diverse open-ended tasks specified in natural
language prompts, and also provides an internet-scale, multimodal knowledge base of
YouTube videos, Wiki pages, and Reddit posts. The database captures the collective
experience and wisdom of millions of Minecraft gamers for an AI agent to learn
from. Best viewed zoomed in.

to facilitate learning in open-ended settings. Just as humans frequently learn from
the internet, agents should also be able to harvest practical knowledge encoded in
large amounts of video demos (Goyal et al., 2017; Miech et al., 2019), multimedia
tutorials (Minecraft Wiki 2016), and forum discussions (Vølske et al., 2017; Kim
et al., 2019; Henderson et al., 2019). In a complex world, it would be extremely
inefficient for an agent to learn everything from scratch through trial and error. Third,
the agent’s architecture needs to be flexible enough to pursue any task in open-ended
environments, and scalable enough to convert large-scale knowledge sources into
actionable insights (Chen et al., 2021b; Reid et al., 2022). This motivates the design
of an agent that has a unified observation/action space, conditions on natural language
task prompts, and adopts the Transformer pre-training paradigm (Devlin et al., 2019;
Radford et al., 2019; Brown et al., 2020) to internalize knowledge effectively.

In light of these three pillars, we introduce MineDojo, a new framework for
developing open-ended, generally-capable agents. It is built on the popular Minecraft
game, where a player explores a procedurally generated 3D world with diverse types
of terrains to roam, materials to mine, tools to craft, structures to build, and wonders
to discover. Unlike most other games (Mnih et al., 2013; OpenAI et al., 2019;
Vinyals et al., 2019a), Minecraft defines no specific reward to maximize and no fixed
storyline to follow, making it well suited for developing open-ended environments
for embodied AI research. We make the following three major contributions:
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1. Simulation platform with thousands of diverse open-ended tasks. MineDojo
provides convenient APIs on top of Minecraft that standardize task specification,
world settings, and agent’s observation/action spaces. We introduce a benchmark
suite that consists of thousands of natural language-prompted tasks, making it two
orders of magnitude larger than prior Minecraft benchmarks like the MineRL Chal-
lenge (Guss et al., 2019a; Kanervisto et al., 2022). The suite includes long-horizon,
open-ended tasks that cannot be easily evaluated through automated procedures, such
as “build an epic modern house with two floors and a swimming pool.” Inspired by
the Inception score (Salimans et al., 2016) and FID score (Heusel et al., 2017) that
are commonly used to assess AI-generated image quality, we introduce a novel agent
evaluation protocol using a large video-language model pre-trained on Minecraft
YouTube videos. This complements human scoring (Shah et al., 2021) that is precise
but more expensive. Our learned evaluation metric has good agreement with human
judgment in a subset of the full task suite considered in the experiments.

2. Internet-scale multimodal Minecraft knowledge base. Minecraft has more
than 100 million active players (Wikipedia contributors, 2022), who have collectively
generated an enormous wealth of data. They record tutorial videos, stream live play
sessions, compile recipes, and discuss tips and tricks on forums. MineDojo features
a massive collection of 730K+ YouTube videos with time-aligned transcripts, 6K+
free-form Wiki pages, and 340K+ Reddit posts with multimedia contents (Fig. 2.3).
We hope that this enormous knowledge base can help the agent acquire diverse skills,
develop complex strategies, discover interesting objectives, and learn actionable
representations automatically.

3. Novel algorithm for embodied agents with large-scale pre-training. We
develop a new learning algorithm for embodied agents that makes use of the internet-
scale domain knowledge we have collected from the web. Using the massive volume
of YouTube videos from MineDojo, we train a video-text contrastive model in the
spirit of CLIP (Radford et al., 2021), which associates natural language subtitles with
their time-aligned video segments. We demonstrate that this learned correlation score
can be used effectively as an open-vocabulary, massively multi-task reward function
for RL training. Our agent solves the majority of 12 tasks in our experiment using
the learned reward model (Fig. 2.2). It achieves competitive performance to agents
trained with meticulously engineered dense-shaping rewards, and in some cases
outperforms them, with up to 73% improvement in success rates. For open-ended
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tasks that do not have a simple success criterion, our agents also perform well without
any special modifications.

In summary, this paper proposes an open-ended task suite, internet-scale domain
knowledge, and agent learning with recent advances on large pre-trained models
(Bommasani et al., 2021). We have open-sourced MineDojo’s simulator, knowledge
bases, algorithm implementations, pretrained model checkpoints, and task curation
tools at https://minedojo.org/. We hope that MineDojo will serve as an
effective starter framework for the community to develop new algorithms and
advance towards generally capable embodied agents.

2.2 Related work
Open-ended Environments for Decision-making Agents. There are many envi-
ronments developed with the goal of open-ended agent learning. Prior works include
maze-style worlds (Team et al., 2021b; Wang et al., 2019; Juliani et al., 2019), purely
text-based game (Küttler et al., 2020), grid worlds (Chevalier-Boisvert et al., 2019;
Cao et al., 2020), browser/GUI-based environments (Shi et al., 2017; Toyama et al.,
2021), and indoor simulators for robotics (Abramson et al., 2020; Shen et al., 2020;
Srivastava et al., 2021; Fan et al., 2021; Shridhar et al., 2020; Savva et al., 2019; Puig
et al., 2018). Minecraft offers an exciting alternative for open-ended agent learning.
It is a 3D visual world with procedurally generated landscapes and extremely flexible
game mechanics that support an enormous variety of activities. Prior methods in open-
ended agent learning (Ecoffet et al., 2019; Huizinga et al., 2022; Wang et al., 2020;
Kanitscheider et al., 2021; Dennis et al., 2020) do not make use of external knowledge,
but our approach leverages internet-scale database to learn open-vocabulary reward
models, thanks to Minecraft’s abundance of gameplay data online.

Minecraft for AI Research. The Malmo platform (Johnson et al., 2016) is the
first comprehensive release of a Gym-style agent API (Brockman et al., 2016) for
Minecraft. Based on Malmo, MineRL (Guss et al., 2019a) provides a codebase
and human play trajectories for the annual Diamond Challenge at NeurIPS (Guss
et al., 2019b; Guss et al., 2021; Kanervisto et al., 2022). MineDojo’s simulator
builds upon the pioneering work of MineRL, but greatly expands the API and
benchmarking task suite. Other Minecraft benchmarks exist with different focuses.
For example, CraftAssist (Gray et al., 2019) and IGLU (Kiseleva et al., 2021) study
agents with interactive dialogues. BASALT (Shah et al., 2021) applies human
evaluation to 4 open-ended tasks. EvoCraft (Grbic et al., 2021) is designed for

https://minedojo.org/
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structure building, and Crafter (Hafner, 2021) optimizes for fast experimentation.
Unlike prior works, MineDojo’s core mission is to facilitate the development of
generally capable embodied agents using internet-scale knowledge.

Internet-scale Multimodal Knowledge Bases. Big dataset such as Common
Crawl (Common Crawl 2012), the Pile (Gao et al., 2020), LAION (Schuhmann et al.,
2021), YouTube-8M (Abu-El-Haija et al., 2016) and HowTo100M (Miech et al., 2019)
have been fueling the success of large pre-trained language models (Devlin et al., 2019;
Radford et al., 2019; Brown et al., 2020) and multimodal models (Sun et al., 2019;
Alayrac et al., 2020; Miech et al., 2020; Zhu et al., 2020b; Amrani et al., 2021; Akbari
et al., 2021; Xu et al., 2021). While generally useful for learning representations,
these datasets are not specifically targeted at embodied agents. To provide agent-
centric training data, RoboNet (Dasari et al., 2019) collects video frames from 7 robot
platforms, and Ego4D (Grauman et al., 2022) recruits volunteers to record egocentric
videos of household activities. In comparison, MineDojo’s knowledge base is
constructed without human curation efforts, much larger in volume, more diverse in
data modalities, and comprehensively covers all aspects of the Minecraft environment.

Embodied Agents with Large-scale Pre-training. Inspired by the success in
NLP, embodied agent research (Duan et al., 2022; Batra et al., 2020; Ravichandar
et al., 2020; Collins et al., 2021) has seen a surge in adoption of the large-scale
pre-training paradigm. The recent advances can be roughly divided into 4 categories.
1) Novel agent architecture: Decision Transformer (Chen et al., 2021b; Janner et al.,
2021; Zheng et al., 2022) applies the powerful self-attention models to sequential
decision making. GATO (Reed et al., 2022) and Unified-IO (Lu et al., 2022) learn a
single model to solve various decision-making tasks with different control interfaces.
VIMA (Jiang et al., 2023) unifies a wide range of robot manipulation tasks with
multimodal prompting. 2) Pre-training for better representations: R3M (Nair
et al., 2022) trains a general-purpose visual encoder for robot perception on Ego4D
videos (Grauman et al., 2022). CLIPort (Shridhar et al., 2021) leverages the pre-
trained CLIP model (Radford et al., 2021) to enable free-form language instructions
for robot manipulation. 3) Pre-training for better policies: AlphaStar (Vinyals et al.,
2019a) achieves champion-level performance on StarCraft by imitating from numer-
ous human demos. SayCan (Ahn et al., 2022) leverages large language models (LMs)
to ground value functions in the physical world. (Li et al., 2022a) and (Reid et al., 2022)
directly reuse pre-trained LMs as policy backbone. VPT (Baker et al., 2022) is a con-
current work that learns an inverse dynamics model from human contractors to pseudo-
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Figure 2.2: Visualization of our agent’s learned behaviors on four selected tasks.
Leftmost texts are the task prompts used in training. Best viewed on a color display.

label YouTube videos for behavior cloning. VPT is complementary to our approach,
and can be finetuned to solve language-conditioned open-ended tasks with our learned
reward model. 4) Data-driven reward functions: Concept2Robot (Shao et al., 2021)
and DVD (Chen et al., 2021a) learn a binary classifier to score behaviors from in-the-
wild videos (Goyal et al., 2017). LOReL (Nair et al., 2021) crowd-sources humans
labels to train language-conditioned reward function for offline RL. AVID (Smith et
al., 2019) and XIRL (Zakka et al., 2021) extract reward signals via cycle consistency.
MineDojo’s task benchmark and internet knowledge base are generally useful for
developing new algorithms in all the above categories. In Sec. 2.5, we also propose
an open-vocabulary, multi-task reward model using MineDojo YouTube videos.

2.3 MineDojo Simulator & Benchmark Suite
MineDojo offers a set of simulator APIs help researchers develop generally capable,
open-ended agents in Minecraft. It builds upon the open-source MineRL codebase
(Guss et al., 2019a) and makes the following upgrades: 1) We provide unified
observation and action spaces across all tasks, facilitating the development of
multi-task and continually learning agents that can constantly adapt to new scenarios
and novel tasks. This deviates from the MineRL Challenge design that tailors
observation and action spaces to individual tasks; 2) Our simulation unlocks all
three types of worlds in Minecraft, including the Overworld, the Nether, and the
End, which substantially expands the possible task space, while MineRL only
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supports the Overworld natively; and 3) We provide convenient APIs to configure
initial conditions and world settings to standardize our tasks.

With this MineDojo simulator, we define thousands of benchmarking tasks, which
are divided into two categories: 1) Programmatic tasks that can be automatically
assessed based on the ground-truth simulator states; and 2) Creative tasks that
do not have well-defined or easily-automated success criteria, which motivates
our novel evaluation protocol using a learned model (Sec. 2.5). To scale up the
number of Creative tasks, we mine ideas from YouTube tutorials and use OpenAI’s
GPT-3 (Brown et al., 2020) service to generate substantially more task definitions.
Compared to Creative tasks, Programmatic tasks are simpler to get started, but tend
to have restricted scope, limited language variations, and less open-endedness in
general.

Task Suite I: Programmatic Tasks
We formalize each programmatic task as a 5-tuple: T = (G,G, I, fS , fR). G is an En-
glish description of the task goal, such as “find material and craft a gold pickaxe.” G is
a natural language guidance that provides helpful hints, recipes, or advice to the agent.
We leverage OpenAI’s GPT-3-davinci API to automatically generate detailed guid-
ance for a subset of the tasks. For the example goal “bring a pig into Nether,” GPT-3 re-
turns: 1) Find a pig in the overworld; 2) Right-click on the pig
with a lead; 3) Right-click on the Nether Portal with the lead and

pig selected; 4) The pig will be pulled through the portal! I is
the initial conditions of the agent and the world, such as the initial inventory, spawn
terrain, and weather. fS : st → {0, 1} is the success criterion, a deterministic function
that maps the current world state st to a Boolean success label. fR: st → R is an
optional dense reward function. We only provide fR for a small subset of the tasks
in MineDojo due to the high costs of meticulously crafting dense rewards. For our
current agent implementation (Sec. 2.5), we do not use detailed guidance. Inspired by
concurrent works SayCan (Ahn et al., 2022) and Socratic Models (Zeng et al., 2022),
one potential idea is to feed each step in the guidance to our learned reward model
sequentially so that it becomes a stagewise reward function for a complex multi-stage
task.

MineDojo provides 4 categories of programmatic tasks with 1,581 template-
generated natural language goals to evaluate the agent’s different capabilities system-
atically and comprehensively:
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1. Survival: surviving for a designated number of days.

2. Harvest: finding, obtaining, cultivating, or manufacturing hundreds of
materials and objects.

3. Tech Tree: crafting and using a hierarchy of tools.

4. Combat: fighting various monsters and creatures that require fast reflex and
martial skills.

Each task template has a number of variations based on the terrain, initial inventory,
quantity, etc., which form a flexible spectrum of difficulty. In comparison, the NeurIPS
MineRL Diamond challenge (Guss et al., 2019a) is a subset of our programmatic
task suite, defined by the task goal “obtain 1 diamond" in MineDojo.

Task Suite II: Creative Tasks
We define each creative task as a 3-tuple, T = (G,G, I), which differs from
programmatic tasks due to the lack of straightforward success criteria. Inspired
by model-based metrics like the Inception score (Salimans et al., 2016) and FID
score (Heusel et al., 2017) for image generation, we design a novel task evaluation
metric based on a pre-trained contrastive video-language model (Sec. 2.5). In the
experiments, we find that the learned metric exhibits a high level of agreement with
human evaluations (see Table 2.2).

We brainstorm and author 216 Creative tasks, such as “build a haunted house with
zombie inside” and “race by riding a pig.” Nonetheless, such a manual approach
is not scalable. Therefore, we develop two systematic approaches to extend the
total number of task definitions to 1,560. This makes our Creative tasks 3 orders of
magnitude larger than Minecraft BASALT challenge (Shah et al., 2021), which has 4
Creative tasks.

Approach 1. Task Mining from YouTube Tutorial Videos. We identify our
YouTube dataset as a rich source of tasks, as many human players demonstrate and
narrate creative missions in the tutorial playlists. To collect high-quality tasks and
accompanying videos, we design a multi-stage pipeline that makes it easy to find
and annotate interesting tasks. Through this pipeline, we extract 1,042 task ideas
from the common wisdom of a huge number of veteran Minecraft gamers, such as
“make an automated mining machine” and “grow cactus up to the sky.”
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Approach 2. Task Creation by GPT-3. We leverage GPT-3’s few-shot capability
to generate new task ideas by seeding it with the tasks we manually author or mine
from YouTube. The prompt template is: Here are some example creative
tasks in Minecraft: {a few examples}. Let’s brainstorm more detailed

while reasonable creative tasks in Minecraft.
GPT-3 contributes 302 creative tasks after de-duplication, and demonstrates a
surprisingly proficient understanding of Minecraft terminology.

Collection of Starter Tasks
We curate a set of 64 core tasks for future researchers to get started more easily. If
their agent works well on these tasks, they can more confidently scale to the full
benchmark.

• 32 programmatic tasks: 16 “standard” and 16 “difficult,” spanning all 4
categories (survival, harvesting, combat, and tech tree). We rely on our
Minecraft knowledge to decide the difficulty level. “Standard” tasks require
fewer steps and lower resource dependencies to complete.

• 32 creative tasks: 16 “standard” and 16 “difficult.” Similarly, tasks labeled
with “standard” are typically short-horizon tasks.

We recommend that researchers run 100 evaluation episodes for each task and report
the percentage success rate. The programmatic tasks have ground-truth success,
while the creative tasks need our novel evaluation protocol (Sec. 2.6).

2.4 Internet-scale Knowledge Base
Two commonly used approaches (Silver et al., 2017; Vinyals et al., 2019a; OpenAI
et al., 2019; Fuchs et al., 2021) to train embodied agents include training agents from
scratch using RL with well-tuned reward functions for each task, or using a large
amount of human-demonstrations to bootstrap agent learning. However, crafting
well-tuned reward functions is challenging or infeasible for our task suite (Sec. 2.3),
and employing expert gamers to provide large amounts of demonstration data would
also be costly and infeasible (Vinyals et al., 2019a).

Instead, we turn to the open web as an ever-growing, virtually unlimited source
of learning material for embodied agents. The internet provides a vast amount of
domain knowledge about Minecraft, which we harvest by extensive web scraping
and filtering. We collect 33 years worth of YouTube videos, 6K+ Wiki pages,



16

YouTube Wiki Reddit

Figure 2.3: MineDojo’s internet-scale, multimodal knowledge base. Left, YouTube
videos: Minecraft gamers showcase the impressive feats they are able to achieve.
Clockwise order: an archery range, Hogwarts castle, Taj Mahal, a Nether homebase.
Middle, Wiki: Wiki pages contain multimodal knowledge in structured layouts, such
as comprehensive catalogs of creatures and recipes for crafting. Right, Reddit: We
create a word cloud from Reddit posts and comment threads. Gamers ask questions,
share achievements, and discuss strategies extensively. Best viewed zoomed in.

and millions of Reddit comment threads. Instead of hiring a handful of human
demonstrators, we capture the collective wisdom of millions of Minecraft gamers
around the world. Furthermore, language is a key and pervasive component of our
database that takes the form of YouTube transcripts, textual descriptions in Wiki, and
Reddit discussions. Language facilitates open-vocabulary understanding, provides
grounding for image and video modalities, and unlocks the power of large language
models (Devlin et al., 2019; Shoeybi et al., 2019; Brown et al., 2020) for embodied
agents. To ensure socially responsible model development, we take special measures
to filter out low-quality and toxic contents (Bommasani et al., 2021; Hanu et al.,
2020) from our databases.

YouTube Videos and Transcripts. Minecraft is among the most streamed games
on YouTube (Gerblick, 2021). Human players have demonstrated a stunning range of
creative activities and sophisticated missions that take hours to complete (examples in
Fig. 2.3). We collect 730K+ narrated Minecraft videos, which add up to 33 years of
duration and 2.2B words in English transcripts. In comparison, HowTo100M (Miech
et al., 2019) is a large-scale human instructional video dataset that includes 15 years
of experience in total — about half of our volume. The time-aligned transcripts
enable the agent to ground free-form natural language in video pixels and learn the
semantics of diverse activities without laborious human labeling. We operationalize
this insight in our pre-trained video-language model (Sec. 2.5).
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Minecraft Wiki. The Wiki pages cover almost every aspect of the game mechanics,
and supply a rich source of unstructured knowledge in multimodal tables, recipes,
illustrations, and step-by-step tutorials. We use Selenium (Selenium WebDriver 2011)
to scrape 6,735 pages that interleave text, images, tables, and diagrams. The pages are
highly unstructured and do not share any common schema, as the Wiki is meant for
human consumption rather than AI training. To preserve the layout information, we ad-
ditionally save the screenshots of entire pages and extract 2.2M bounding boxes of the
visual elements. We do not use Wiki data in our current experiments. Since the Wiki
contains detailed recipes for all crafted objects, they could be provided as input or train-
ing data for hierarchical planning methods and policy sketches (Andreas et al., 2017).
Another promising future direction is to apply document understanding models such
as LayoutLM (Xu et al., 2019; Xu et al., 2020) and DocFormer (Appalaraju et al.,
2021) to learn actionable knowledge from these unstructured Wiki data.

Reddit. We scrape 340K+ posts along with 6.6M comments under the “r/Minecraft”
subreddit. These posts ask questions on how to solve certain tasks, showcase
cool architectures and achievements in image/video snippets, and discuss general
tips and tricks for players of all expertise levels. We do not use Reddit data
for training in Sec. 2.6, but a potential idea is to finetune large language models
(Devlin et al., 2019; Radford et al., 2019) on our Reddit corpus to generate instruc-
tions and execution plans that are better grounded in the Minecraft domain. Concur-
rent works (Ahn et al., 2022; Huang et al., 2022b; Zeng et al., 2022) have explored
similar ideas and showed excellent results on robot learning, which is encouraging
for more future research in MineDojo.

2.5 Agent Learning with Large-scale Pre-training
One of the grand challenges of embodied AI is to build a single agent that can
complete a wide range of open-world tasks. The MineDojo framework aims to
facilitate new techniques towards this goal by providing an open-ended task suite
(Sec. 2.3) and large-scale internet knowledge base (Sec. 2.4). Here we take an
initial step towards this goal by developing a proof of concept that demonstrates
how a single language-prompted agent can be trained in MineDojo to complete
several complex Minecraft tasks. To this end, we propose a novel agent learning
algorithm that takes advantage of the massive YouTube data offered by MineDojo.
We note that this is only one of the numerous possible ways to use MineDojo’s
internet database — the Wiki and Reddit corpus also hold great potential to drive
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Figure 2.4: Algorithm design. MineCLIP is a contrastive video-language model
pre-trained on MineDojo’s massive Youtube database. It computes the correlation
between an open-vocabulary language goal string and a 16-frame video snippet. The
correlation score can be used as a learned dense reward function to train a strong
multi-task RL agent.

new algorithm discoveries for the community in future works.

In this paper, we consider a multi-task reinforcement learning (RL) setting, where an
agent is tasked with completing a collection of MineDojo tasks specified by language
instructions (Sec. 2.3). Solving these tasks often requires the agent to interact with
the Minecraft world in a prolonged fashion. Agents developed in popular RL
benchmarks (Tassa et al., 2018; Zhu et al., 2020c) often rely on meticulously crafted
dense and task-specific reward functions to guide random explorations. However,
these rewards are hard or even infeasible to define for our diverse and open-ended
tasks in MineDojo. To address this challenge, our key insight is to learn a dense,
language-conditioned reward function from in-the-wild YouTube videos and
their transcripts. Therefore, we introduce MineCLIP, a contrastive video-language
model that learns to correlate video snippets and natural language descriptions
(Fig. 2.4). MineCLIP is multi-task by design, as it is trained on open-vocabulary
and diverse English transcripts.

During RL training, MineCLIP provides a high-quality reward signal without any
domain adaptation techniques, despite the domain gap between noisy YouTube videos
and clean simulator-rendered frames. MineCLIP eliminates the need to manually
engineer reward functions for each and every MineDojo task. For Creative tasks that
lack a simple success criterion (Sec. 2.3), MineCLIP also serves the dual purpose
of an automatic evaluation metric that agrees well with human judgement on a
subset of tasks we investigate (Sec. 2.5, Table 2.2). Because the learned reward
model incurs a non-trivial computational overhead, we introduce several techniques
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Table 2.1: Our novel MineCLIP reward model is able to achieve competitive
performance with manually written dense reward function for Programmatic tasks,
and significantly outperforms the CLIPOpenAI method across all Creative tasks. Entries
represent percentage success rates averaged over 3 seeds, each tested for 200 episodes.
Success conditions are precise in Programmatic tasks, but estimated by MineCLIP
for Creative tasks.

Group Tasks Ours (Attn) Ours (Avg) Manual Reward Sparse-only CLIPOpenAI

Milk Cow 64.5± 37.1 6.5± 3.5 62.8± 40.1 0.0± 0.0 0.0± 0.0
Hunt Cow 83.5± 7.1 0.0± 0.0 48.3± 35.9 0.3± 0.4 0.0± 0.0

Shear Sheep 12.1± 9.1 0.6± 0.2 52.3± 33.2 0.0± 0.0 0.0± 0.0
Hunt Sheep 8.1± 4.1 0.0± 0.0 41.9± 33.0 0.3± 0.4 0.0± 0.0

Combat Spider 80.5± 13.0 60.1± 42.5 87.5± 4.6 47.8± 33.8 0.0± 0.0
Combat Zombie 47.3± 10.6 72.3± 6.4 49.8± 26.9 8.8± 12.4 0.0± 0.0
Combat Pigman 1.6± 2.3 0.0± 0.0 13.6± 9.8 0.0± 0.0 0.0± 0.0

Combat Enderman 0.0± 0.0 0.0± 0.0 0.3± 0.2 0.0± 0.0 0.0± 0.0

Find Nether Portal 37.4± 40.8 89.8± 5.7 N/A N/A 26.3± 32.6
Find Ocean 33.4± 45.6 54.3± 40.7 N/A N/A 9.9± 14.1

Dig Hole 91.6± 5.9 88.1± 13.3 N/A N/A 0.0± 0.0
Lay Carpet 97.6± 1.9 98.8± 1.0 N/A N/A 0.0± 0.0

to significantly improve RL training efficiency, making MineCLIP a practical module
for open-ended agent learning in Minecraft (Sec. 2.5).

Pre-Training MineCLIP on Large-scale Videos
Formally, the learned reward function can be defined as ΦR : (G, V ) → R that
maps a language goal G and a video snippet V to a scalar reward. An ideal ΦR

should return a high reward if the behavior depicted in the video faithfully follows
the language description, and a low reward otherwise. This can be achieved by
optimizing the InfoNCE objective (Oord et al., 2018; He et al., 2020; Chen et al.,
2020), which learns to correlate positive video and text pairs (Sun et al., 2019;
Alayrac et al., 2020; Miech et al., 2020; Akbari et al., 2021; Xu et al., 2021).

Similar to the image-text CLIP model (Radford et al., 2021), MineCLIP consists of
a text encoder ϕG that embeds a language goal and a video encoder ϕV that embeds
a moving window of 16 consecutive frames (Fig. 2.4). Our neural architecture has a
similar design as CLIP4Clip (Luo et al., 2021), where ϕG reuses OpenAI CLIP’s
pretrained text encoder, and ϕV is factorized into a frame-wise image encoder ϕI and
a temporal aggregator ϕa that summarizes the sequence of 16 image features into a
single video embedding. Unlike CLIP4Clip, we insert two extra layers of residual
CLIP Adapter (Gao et al., 2021) after the aggregator ϕa to produce a better video
feature, and finetune only the last two layers of the pretrained ϕI and ϕG.
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From the MineDojo YouTube database, we follow the procedure in VideoCLIP (Xu
et al., 2021) to sample 640K pairs of 16-second video snippets and time-aligned
English transcripts, after applying a keyword filter. We train two MineCLIP variants
with different types of aggregator ϕa: (1) MineCLIP[avg] does simple average
pooling, which is fast but agnostic to the temporal ordering; (2) MineCLIP[attn]

encodes the sequence by two transformer layers, which is relatively slower but
captures more temporal information, and thus produces a better reward signal in
general.

RL with MineCLIP Reward
We train a language-conditioned policy network that takes as input raw pixels and
predicts discrete control. The policy is trained with PPO (Schulman et al., 2017)
on the MineCLIP rewards. In each episode, the agent is prompted with a language
goal and takes a sequence of actions to fulfill this goal. When calculating the
MineCLIP rewards, we concatenate the agent’s latest 16 egocentric RGB frames in
a temporal window to form a video snippet. MineCLIP handles all task prompts
zero-shot without any further finetuning. In our experiments (Sec. 2.6), we show that
MineCLIP provides effective dense rewards out of the box, despite the domain shift
between in-the-wild YouTube frames and simulator frames. Besides regular video
data augmentation, we do not employ any special domain adaptation methods during
pre-training. Our finding is consistent with CLIP’s strong zero-shot performances on
robustness benchmarks in object recognition (Radford et al., 2021).

Compared to hard-coded reward functions in popular benchmarks (Zhu et al., 2020c;
Tassa et al., 2018; Fan et al., 2021), the MineCLIP model has 150M parameters and
is thus much more expensive to query. We make several design choices to greatly
accelerate RL training with MineCLIP in the loop:

1. The language goal G is fixed for a specific task, so the text features ϕG can
be precomputed to avoid invoking the text encoder repeatedly.

2. Our agent’s RGB encoder reuses the pre-trained weights of ϕI from
MineCLIP. We do not finetune ϕI during RL training, which saves com-
putation and endows the agent with good visual representations from the
beginning.

3. MineCLIP’s video encoder ϕV is factorized into an image encoder ϕI and
a light-weight aggregator ϕa. This design choice enables efficient image
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Table 2.2: MineCLIP agrees well with the ground-truth human judgment on the
Creative tasks we consider. Numbers are F1 scores between MineCLIP’s binary
classification of tasks success and human labels (scaled to the percentage for better
readability).

Tasks Find Nether Portal Find Ocean Dig Hole Lay Carpet

Ours (Attn) 98.7 100.0 99.4 97.4
Ours (Avg) 100.0 100.0 100.0 98.4
CLIPOpenAI 48.7 98.4 80.6 54.1

feature caching. Consider two overlapping video sequences of 8 frames,
V[0:8] and V[1:9]. We can cache the image features of the 7 overlapping
frames V[1] to V[7] to maximize compute savings. If ϕV is a monolithic
model like S3D (Xie et al., 2018) in VideoCLIP (Xu et al., 2021), then the
video features from every sliding window must be recomputed, which would
incur a much higher cost per time step.

4. We leverage Self-Imitation Learning (Oh et al., 2018) to store the trajectories
with high MineCLIP reward values in a buffer, and alternate between PPO
and self-imitation gradient steps. It further improves sample efficiency.

2.6 Experiments
We evaluate our agent-learning approach (Section 2.5) on 8 Programmatic tasks and
4 Creative tasks from the MineDojo benchmarking suite. We select these 12 tasks
due to the diversity of skills required to solve them (e.g., harvesting, combat, building,
navigation) and domain-specific entities (e.g., animals, resources, monsters, terrains,
and structures). We split the tasks into 3 groups and train one multi-task agent for
each group: Animal-Zoo (4 Programmatic tasks on hunting or harvesting resource
from animals), Mob-Combat (Programmatic, fight 4 types of hostile monsters), and
Creative (4 tasks).

In the experiments, we empirically check the quality of MineCLIP against manually
written reward functions, and quantify how different variants of our learned model
affect the RL performance. Table 2.1 presents our main results, and Fig. 2.2 visualizes
our learned agent behavior in 4 of the considered tasks. Policy networks of all
methods share the same architecture and are trained by PPO + Self-Imitation (Sec.
2.5. We compare the following methods:
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Table 2.3: MineCLIP agents have stronger zero-shot visual generalization ability to
unseen terrains, weathers, and lighting. Numbers outside parentheses are percentage
success rates averaged over 3 seeds (each tested for 200 episodes), while those inside
parentheses are relative performance changes.

Tasks Ours (Attn), train Ours (Attn), unseen test CLIPOpenAI, train CLIPOpenAI, unseen test

Milk Cow 64.5± 37.1 64.8± 31.3(+ 0.8%) 90.0± 0.4 29.2± 3.7 (−67.6%)
Hunt Cow 83.5± 7.1 55.9± 7.2 (−32.9%) 72.7± 3.5 16.7± 1.6 (−77.0%)

Combat Spider 80.5± 13.0 62.1± 29.7(−22.9%) 79.5± 2.5 54.2± 9.6 (−31.8%)
Combat Zombie 47.3± 10.6 39.9± 25.3(−15.4%) 50.2± 7.5 30.8± 14.4(−38.6%)

• Ours (Attn): our agent trained with the MineCLIP[attn] reward model. For
Programmatic tasks, we also add the final success condition as a binary
reward. For Creative tasks, MineCLIP is the only source of reward.

• Ours (Avg): the average-pooling variant of our method.

• Manual Reward: hand-engineered dense reward using ground-truth simula-
tor states.

• Sparse-only: the final binary success as a single sparse reward. Note that
neither sparse-only nor manual reward is available for Creative tasks.

• CLIPOpenAI: pre-trained OpenAI CLIP model that has not been finetuned on
any MineDojo videos.

MineCLIP is competitive with manual reward. For Programmatic tasks (first
8 rows), RL agents guided by MineCLIP achieve competitive performance as those
trained by manual reward. In three of the tasks, they even outperform the hand-
engineered reward functions, which rely on privileged simulator states unavailable to
MineCLIP. For a more statistically sound analysis, we conduct the Paired Student’s t-
test to compare the mean success rate of each task (pairing column 3 “Ours (Attn)”
and column 5 “Manual Reward” in Table 2.1). The test yields p-value 0.3991 ≫ 0.05,
which indicates that the difference between our method and manual reward is not
considered statistically significant, and therefore they are comparable with each other.
Because all tasks require nontrivial exploration, our approach also dominates the
Sparse-only baseline. Note that the original OpenAI CLIP model fails to achieve any
success. We hypothesize that the creatures in Minecraft look dramatically different
from their real-world counterparts, which causes CLIP to produce misleading signals
worse than no shaping reward at all. It implies the importance of finetuning on
MineDojo’s YouTube data.
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MineCLIP provides automated evaluation. For Creative tasks (last 4 rows), there
are no programmatic success criteria available. We convert MineCLIP into a binary
success classifier by thresholding the reward value it outputs for an episode. To test
the quality of MineCLIP as an automatic evaluation metric, we ask human judges to
curate a dataset of 100 successful and 100 failed trajectories for each task. We then
run both MineCLIP variants and CLIPOpenAI on the dataset and report the binary
F1 score of their judgement against human ground-truth in Table 2.2. The results
demonstrate that both MineCLIP[attn] and MineCLIP[avg] attain a very high degree
of agreement with human evaluation results on this subset of the Creative task suite
that we investigate. CLIPOpenAI baseline also achieves nontrivial agreement on Find
Ocean and Dig Hole tasks, likely because real-world oceans and holes have similar
texture. We use the attn variant as an automated success criterion to score the 4
Creative task results in Table 2.1. Our proposed method consistently learns better
than CLIPOpenAI-guided agents. It shows that MineCLIP is an effective approach to
solving open-ended tasks when no straightforward reward signal is available. We
provide further analysis beyond these 4 tasks.

MineCLIP shows good zero-shot generalization to significant visual distribution
shift. We evaluate the learned policy without finetuning on a combination of
unseen weather, lighting conditions, and terrains — 27 scenarios in total. For the
baseline, we train agents with the original CLIPOpenAI image encoder (not trained
on our YouTube videos) by imitation learning. The robustness against visual shift
can be quantitatively measured by the relative performance degradation on novel test
scenarios for each task. Table 2.3 shows that while all methods incur performance
drops, agents with MineCLIP encoder is more robust to visual changes than the
baseline across all tasks. Pre-training on diverse in-the-wild YouTube videos is
important to boosting zero-shot visual generalization capability, a finding consistent
with literature (Radford et al., 2021; Nair et al., 2022).

Learning a Single Agent for All 12 Tasks We have also trained a single agent
for all 12 tasks. To reduce the computational burden without loss of generality, the
agent is trained by self-imitating from successful trajectories generated from the
self-imitation learning pipeline. We summarize the result in Table 2.4. Similar to
our main experiments, all numbers represent percentage success rates averaged over
3 training seeds, each tested for 200 episodes. Compared to the original agents,
the new 12-multitask agent sees a performance boost in 6 tasks, degradation in 4
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Table 2.4: We train a single multi-task agent for all 12 tasks. All numbers represent
percentage success rates averaged over 3 seeds, each tested for 200 episodes.

Group Tasks Single Agent on All Tasks Original Performance Change

Milk Cow 91.5± 0.7 64.5± 37.1 ↑
Hunt Cow 46.8± 3.7 83.5± 7.1 ↓

Shear Sheep 73.5± 0.8 12.1± 9.1 ↑
Hunt Sheep 27.0± 1.0 8.1± 4.1 ↑

Combat Spider 72.1± 1.3 80.5± 13.0 ↓
Combat Zombie 27.1± 2.7 47.3± 10.6 ↓
Combat Pigman 6.5± 1.2 1.6± 2.3 ↑

Combat Enderman 0.0± 0.0 0.0± 0.0 =

Find Nether Portal 99.1± 0.4 37.4± 40.8 ↑
Find Ocean 95.1± 1.5 33.4± 45.6 ↑

Dig Hole 85.8± 1.2 91.6± 5.9 ↓
Lay Carpet 96.5± 0.8 97.6± 1.9 =

Table 2.5: We test the open-vocabulary generalization ability to two unseen tasks.
All numbers represent percentage success rates averaged over 3 seeds, each tested for
200 episodes.

Tasks Ours (zero-shot) Ours (after RL finetune) Baseline (RL from scratch)

Hunt Pig 1.3± 0.6 46.0± 15.3 0.0± 0.0
Harvest Spider String 1.6± 1.3 36.5± 16.9 12.5± 12.7

tasks, and roughly the same success rates in 2 tasks. This result suggests that there
are both positive and negative task transfers happening. To improve the multi-task
performance, more advanced algorithms (Yu et al., 2020; Wu et al., 2020) can be
employed to mitigate the negative transfer effects.

We also perform Paired Student’s t-test to statistically compare the performance of
the 12-multitask agent and those separately trained on each task group. We obtain
a p-value of 0.3720 ≫ 0.05, which suggests that the difference between the two
training settings is not statistically significant.

Generalize to Novel Tasks To test the ability to generalize to new open-vocabulary
commands, we evaluate the agent on two novel tasks: “harvest spider string” and “hunt
pig.” Table 2.5 shows that the agent struggles in the zero-shot setting because it has not
interacted with pigs or spider strings during training, and thus does not know how to in-
teract with them effectively. However, the performance improves substantially by fine-
tuning with the MineCLIP reward. Here the baseline methods are trained from scratch
using RL with the MineCLIP encoders and reward. Therefore, the only difference is
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whether the policy has been pre-trained on the 12 tasks or not. Given the same environ-
ment sampling budget (only around 5% of total samples), it significantly outperforms
baselines. It suggests that the multitask agent has learned transferable knowledge
on hunting and resource collection, which enables it to quickly adapt to novel tasks.

2.7 Conclusion
In this work, we introduce the MineDojo framework for developing generally
capable embodied agents. MineDojo features a benchmarking suite of thousands
of Programmatic and Creative tasks, and an internet-scale multimodal knowledge
base of videos, wiki, and forum discussions. As an example of the novel research
possibilities enabled by MineDojo, we propose MineCLIP as an effective language-
conditioned reward function trained with in-the-wild YouTube videos. MineCLIP
achieves strong performance empirically and agrees well with human evaluation
results, making it a good automatic metric for Creative tasks. We look forward to
seeing how MineDojo empowers the community to make progress on the important
challenge of open-ended agent learning.
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C h a p t e r 3

INTERNET KNOWLEDGE FOR CROSS-EMBODIMENT AGENT
LEARNING

Magne, Loïc∗, Anas Awadalla∗, Guanzhi Wang∗, Yinzhen Xu, Joshua Belofsky,
Fengyuan Hu, Joohwan Kim, Ludwig Schmidt, Georgia Gkioxari, Jan Kautz,
Yisong Yue, Yejin Choi, Yuke Zhu, and Linxi Fan (2026). NitroGen: An Open Foun-
dation Model for Generalist Gaming Agents. In: arXiv Preprint arXiv:2601.02427.
url: https://arxiv.org/abs/2601.02427.

3.1 Introduction
Building generally capable embodied agents that can operate in unknown envi-
ronments has long been considered a holy grail of AI research. While computer
vision and large language models (LLMs) have achieved this generalization through
large-scale pre-training on internet data (Brown et al., 2020; Devlin et al., 2019;
Radford et al., 2021; Dosovitskiy et al., 2021), comparable progress in embodied AI
has been impeded by the lack of large, diverse, and labeled action datasets. Video
games present an ideal domain for advancing embodied AI since they offer visually
rich interactive environments and tasks that span a wide range of complexities
and temporal horizons. However, prior approaches face substantial limitations.
LLM–based methods exploit either (1) hand-crafted programmatic APIs to expose
internal game states and control agents (Wang et al., 2023a; Volum et al., 2022;
Wang et al., 2024b) or (2) complicated perception modules for textual information
extraction and object detection (Tan et al., 2024). They enable complex task-solving
but require complicated domain-specific design and tuning. Reinforcement learning
has achieved superhuman performance in individual games such as StarCraft II
and Dota 2, but these agents are narrow, costly to train, and depend on specialized
simulators rarely available for arbitrary games (Berner et al., 2019; Silver et al.,
2016; Vinyals et al., 2019b; Mnih et al., 2013; Mnih et al., 2015). Behavior-cloning
approaches based on pixel observations have relied on expensive-to-collect demon-
strations, constraining training to only a few game titles due to prohibitive data
collection costs (Baker et al., 2022; Raad et al., 2024). To date, there has been little
progress on developing open-source frameworks that can support the training and
evaluation of generalist gaming agents, further hindering progress in this direction.

https://arxiv.org/abs/2601.02427
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Figure 3.1: NitroGen overview. NitroGen consists of three main components: (1)
Multi-game foundation agent (center) — a generalist vision-action model that takes
in game observations and generates gamepad actions, enabling zero-shot gameplay
across multiple titles and serving as a foundation for fine-tuning on new games; (2)
Universal simulator (left) — an environment wrapper that allows any commercial
game to be controlled through a Gymnasium API; and (3) Internet-scale dataset
(right) — the largest and most diverse open-source gaming dataset curated from
40,000 hours of publicly available gaming videos, spanning more than 1,000 games
with extracted action labels.

To address these limitations, we introduce NitroGen, an open foundation model for
video game environments trained on 40,000 hours of publicly available internet videos
covering more than 1,000 games. We make three major contributions (Figure 3.1):

1. Internet-scale dataset of action-labeled videos. We propose to use a new
source of data from publicly available videos where content creators overlay their
input commands in real time. We train an annotation model to extract frame-level
actions with high accuracy, removing the need for costly manual data collection and
capturing a wide spectrum of real player behaviors. Using this approach, we curate a
dataset of 40,000 hours of video spanning more than 1,000 games, providing diverse
demonstrations for large-scale training.

2. Multi-task multi-game evaluation suite. To assess generalization in realistic
settings, we design benchmark environments that comprise 30 tasks of varied
complexity from 10 commercial games, covering diverse challenges such as combat,
navigation, decision-making, platforming, exploration, and puzzle-solving. This
benchmark reflects the demands of modern game environments, where agents must
learn to adapt across heterogeneous mechanics and objectives. We provide a universal
Gymnasium API (Towers et al., 2024) for our evaluation suite that allows users to
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wrap any game to test diverse agent capabilities. This API is what we refer to as the
universal simulator in Figure 3.1.

3. Large-scale behavior-cloning pre-training. To demonstrate the feasibility and
benefits of internet-scale pre-training, we train a vision-action transformer model
on our dataset. We demonstrate strong results on our benchmark suite, validating
our end-to-end pipeline and showing that it is possible to train a strong multi-game
policy using only noisy internet data. We show the benefits of behavior-cloning
pre-training by post-training our base model on games not seen during training. The
model fine-tuned from the pre-trained NitroGen weights shows up to 52% relative
improvement in success rates over the model trained from scratch, given a fixed data
and compute budget.

We will open-source the NitroGen dataset, simulator, and pre-trained weights upon
acceptance of the paper. We envision NitroGen as a foundational resource that will
enable the research community to accelerate progress toward building more generalist
embodied agents, fostering new algorithms, model architectures, and applications in
this emerging area.

3.2 Related Works
Gaming agents. Video games have long been testbeds for AI, with approaches
generally following three directions. Reinforcement learning achieved landmark
successes from Atari with DQN (Mnih et al., 2013; Mnih et al., 2015) to AlphaGo
(Silver et al., 2016), AlphaStar (Vinyals et al., 2019b), and OpenAI Five (Berner et al.,
2019), but these rely on engineered rewards, hand-crafted features, and specialized
simulators. More recent vision-based methods like Dreamer 3 (Hafner et al., 2023)
still require dedicated simulators and environment-specific training. A second line
leverages large language models for high-level reasoning with structured APIs, as
in Voyager (Wang et al., 2023a) and Cradle (Tan et al., 2024), but these depend on
hand-crafted interfaces. A third category learns directly from pixels or states via
behavior cloning, including MineRL (Guss et al., 2019a), VPT (Baker et al., 2022),
SIMA (Raad et al., 2024), GATO (Reed et al., 2022), Dreamer 4 Hafner et al., 2025,
Lumine Tan et al., 2025, and Farhang et al. Farhang et al., 2024, but they all rely on
datasets bootstrapped from human demonstrations or RL-generated data. NitroGen
advances this third direction by scaling behavior cloning to internet-scale, enabling
training across hundreds of games without costly collection. Game-TARS (Wang
et al., 2025) is a concurrent work that also trains a multi-game agent. They combine
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contractor data and multi-modal reasoning data to train on a total of 20,000 hours.

Embodied foundation models. Foundation models for embodied AI generally
adopt either hierarchical reasoning or end-to-end learning. Hierarchical methods
pair pre-trained LLMs or VLMs with low-level policies (Ahn et al., 2022; Driess
et al., 2023; Huang et al., 2022b; Liang et al., 2023; Singh et al., 2023) treating
the foundation models as black-boxes. Vision-Language-Action (VLA) models
(NVIDIA et al., 2025; Kim et al., 2024; Black et al., 2024; Brohan et al., 2022;
Cheang et al., 2024; Wen et al., 2025; Team et al., 2024) instead train policies
end-to-end on embodied data, though generalizing across tasks and embodiments
remains challenging. NitroGen differs by discarding language conditioning and
focusing purely on scalable vision-action mapping using diverse gameplay data.

Large-scale action datasets. Progress in vision and NLP has been driven by large
labeled datasets, but embodied AI lags behind due to the difficulty of collecting
action-labeled data and defining standardized action spaces. Gaming datasets like
MineRL (Guss et al., 2019a) provide limited coverage, while MineDojo (Fan et al.,
2022) scales video data without action labels. VPT (Baker et al., 2022) annotates
70,000 hours via inverse dynamics but is limited to Minecraft. Other work seeks
to infer latent actions from videos (Edwards et al., 2019; Ye et al., 2025; Bruce
et al., 2024; Parker-Holder et al., 2024), though scalability is unclear. In robotics,
teleoperation has produced datasets such as Roboturk (Mandlekar et al., 2018;
Mandlekar et al., 2019; Mandlekar et al., 2020), ALOHA (Aldaco et al., 2024),
TeleMoMa (Dass et al., 2024), Open X-Embodiment (O’Neill et al., 2024), and
AgiBot World (Bu et al., 2025), but these are costly, limited in scale, and lack organic
diversity. NitroGen introduces a scalable alternative by leveraging input overlay
software, which naturally provides action labels in publicly available gameplay
videos.

3.3 Approach
NitroGen consists of three novel components: (1) an internet-scale video dataset
with action labels, (2) a multi-game benchmark with a Gymnasium environment
wrapper, and (3) a vision–action model pre-trained through large-scale behavior
cloning. In this section, we provide details of each component.

Internet-scale multi-game video-action dataset
Annotation challenge. A central challenge in training policies from internet videos
is recovering the corresponding actions, since most gameplay recordings typically
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(a) Examples of gamepad overlay videos.

(b) Action extraction pipeline.

Figure 3.2: Video-action dataset pipeline overview. We extract actions from
on-screen displays which show the gamepad actions of the player in real-time;
called “input overlays.” (a) Dataset curation. We collect publicly available videos
displaying a “gamepad overlay.” The diversity of these overlays presents significant
challenges, as gamepads vary widely across content creators in controller types (e.g.,
Xbox, PlayStation, or others), transparency levels, and visual artifacts introduced
by video compression. (b) Action extraction. For each collected video, we localize
the gamepad by sampling 25 frames and running keypoint matching against a
curated set of templates using SIFT and XFeat features. We use the template-
matching results to localize and crop the gamepad region from each video. A hybrid
classification–segmentation network is then trained to predict joystick positions and
button states from the cropped controller images, enabling accurate reconstruction
of player inputs.

do not include the player’s inputs. We address this limitation by using a novel source
of publicly available videos in which such labels can be recovered. These videos
feature input overlay software that displays a real-time visualization of the player’s
actions, typically as a 2D image of a gamepad in a corner of the screen with pressed
buttons highlighted (Figure 3.2a).
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Figure 3.3: Distribution of the NitroGen dataset across games and genres. After
filtering, the NitroGen dataset contains 40,000 hours of gameplay videos spanning
more than 1,000 games. (a) Hours per game shows broad coverage, with 846 games
having over one hour of data, 91 games with over 100 hours, and 15 games exceeding
1,000 hours each. (b) Genre distribution reveals Action-RPG games are most common
(34.9% of total hours), followed by Platformer (18.4%) and Action-Adventure (9.2%)
games, with the remainder distributed across seven genres.

Dataset curation. Although input overlays appear in only a fraction of online
gameplay videos, they occur frequently enough to enable the construction of a large-
scale dataset. We collect 71,000 hours of raw video containing gamepad overlays.
While input overlay software was originally used primarily within the speedrunning
community, its use has since expanded to many action games and among both
expert and casual players. To avoid over-representation of any single title, we use a
combination of keyword-based searches and curation guided by content diversity,
ensuring coverage across games, genres, and skill levels. This approach balances
casual and competitive play styles while maintaining broad genre representation.
Figure 3.3 shows the distribution of gameplay hours by title and genre. The dataset
covers more than 1,000 unique games, making it the largest labeled video–action
dataset for video games to date. It contains 38,739 videos from 818 different content
creators, with an average video duration of 1 hour and 50 minutes.

Action extraction. We extract player inputs from gameplay videos through a
three-stage pipeline: (1) template matching to locate and crop the gamepad overlay,
(2) gamepad action parsing using a fine-tuned segmentation model, and (3) quality
filtering to ensure accurate and meaningful data.

Stage 1: Template matching. To locate gamepad overlays within gameplay videos, we
apply template matching using a curated set of approximately 300 common controller
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templates. For each video, we sample 25 frames and perform feature matching with
SIFT (Lowe, 2004) and XFeat (Potje et al., 2024) against all curated templates. We
estimate an affine transformation from the paired keypoints and require at least 20
inliers for a match to be considered valid. We then extract the region with the highest
matching score, which defines the gamepad location for subsequent processing.
Figure 3.2b shows examples of successful match.

Stage 2: Gamepad action parsing. We parse controller states using a fine-tuned
SegFormer (Xie et al., 2021) segmentation model that processes pairs of consecutive
frames. The model takes two consecutive frames as input (concatenated along
the spatial dimension) to capture short-term temporal dynamics. It outputs a
segmentation mask to localize joystick positions on a discrete 11 × 11 grid, and
binary button states (Figure 3.2b). Empirically, we find that estimating joystick
positions via segmentation masks significantly outperforms direct regression of
joystick coordinates.

We train the annotation model using synthetic data generated by sampling frames
from the NitroGen training set and programmatically overlaying controller templates
using the Open Joystick Display1, Input Overlay2, and GamePad Viewer3 software.
For each template, we produce multiple frames with random button states and joystick
positions, yielding 8M labeled frames. To simulate real-world visual artifacts, we
vary overlay opacity, controller size, and video compression, generating multiple
variants per frame. We train the action parsing SegFormer model using the AdamW
optimizer (Kingma et al., 2017; Loshchilov et al., 2019) with a learning rate of
0.0001, linear learning rate decay, weight decay of 0.1, and a batch size of 256.

At inference, we compute precise joystick positions by detecting contours for each
joystick over the entire video. To estimate the center position of each joystick, we
average positions from all frames where the joystick is classified as centered in the
11× 11 discrete grid. We then normalize the positions to the range [−1.0, 1.0] using
the 99th percentile of absolute x and y values over the video to reduce the influence
of outliers.

Stage 3: Quality filtering. The final stage applies targeted filtering strategies to
ensure high-quality data. During training, we observe that using the raw 71,000
hours of data leads to the model over-predicting the null action as noted in VPT Baker

1https://github.com/AkikoKumagara/open-joystick-display
2https://github.com/univrsal/input-overlay
3https://beta.gamepadviewer.com/

https://github.com/AkikoKumagara/open-joystick-display
https://github.com/univrsal/input-overlay
https://beta.gamepadviewer.com/
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Figure 3.4: In-game rollouts. We show NitroGen performing tasks in diverse 2D
and 3D environments. These tasks can take from a few seconds to a few minutes
to perform. Some of them include memorization, while others are performed in
procedurally generated worlds and require the model to adapt.

et al., 2022. To avoid that, we discard segments based on action density: we only
keep chunks where at least 50% of the timesteps have non-zero button or joystick
actions, resulting in 55% of the data being kept. For all gameplay videos, we mask
the on-screen controller to prevent models from exploiting it as a shortcut.

Evaluation suite
Universal simulator for any game title. Many research environments provide a
Gymnasium API (Towers et al., 2024) that enables programmatic control of the
simulation. To bring this capability to commercial video games, which typically
lack such an interface, we develop a universal simulator that can wrap any game
title with a Gymnasium API for model development. The library intercepts the
game engine’s system clock to control simulation time, enabling frame-by-frame
interaction without modifying game code. This approach works with any title that
uses the system clock for physics and interactions, which is a common practice in
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game development. We leave real-time or asynchronous deployment to future work.
Frequent pausing and resuming during gameplay could potentially affect the game’s
physics engine in unknown ways, we verify that this process does not alter games’
physics and behaviors.

Unified observation and action space. Using this simulator, we introduce a multi-
game, multi-task benchmark with a shared interface across all titles. Observations
are single RGB frames. Actions consist of a standardized 16-dimensional binary
vector for gamepad buttons (4 d-pad buttons, 4 face buttons, 2 shoulders, 2 triggers,
2 joystick thumb buttons, start, back) plus a 4-dimensional continuous vector for
joystick positions. Unlike prior work that defines game or task-specific action
spaces (Baker et al., 2022; Guss et al., 2019a), this unified layout facilitates direct
policy transfer across diverse games.

Diverse evaluation tasks. The evaluation suite serves as a universal evaluation
framework for multi-game policies, covering 10 games across diverse visual styles
and genres with 30 tasks total. The suite includes five 2D games and five 3D games,
each testing different skill combinations. The 2D games include three side-scrollers
and two top-down roguelikes with procedurally generated levels. The 3D games
consist of two open-world games, two combat-focused action-RPGs, and one sports
game.

Tasks are distributed across three categories: 11 combat tasks (boss fights, enemy en-
counters), 10 navigation tasks (reaching specific locations, traversing environments),
and 9 game-specific tasks (unique mechanics particular to individual games). Each
task has clearly defined start and goal states, with attempts typically lasting a few
minutes, though human players may require several hours of repeated attempts to
succeed. We select tasks where the initial visual state provides sufficient context to
elicit correct behavior, leaving language-conditioned specifications to future work.
Success rates are measured through human evaluation.

NitroGen foundation model
Architecture. Building on recent advances in generative modeling and robotics,
NitroGen employs flow matching (Lipman et al., 2022) to generate chunks of future
actions conditioned on visual observations. The architecture is adapted from GR00T
N1 (NVIDIA et al., 2025) with the language and state encoders removed, and a single
action head. RGB inputs at 256× 256 resolution are encoded using a SigLIP 2 vision
transformer (Tschannen et al., 2025), producing 256 image tokens per frame. Actions
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Figure 3.5: Gamepad parsing performance for different controller families. We
verify the correctness of our action extraction pipeline by comparing performance
across different controller families against ground-truth data. (a) shows joystick R²
correlation scores (averaged for both left and right joysticks) with an overall average
of 0.84. (b) shows button frame accuracy with an overall average of 0.96.

are generated with a diffusion transformer (DiT) (Peebles et al., 2023) that outputs
multiple actions per forward pass. Noisy action chunks are first encoded by an
MLP into one action token per timestep, then processed through several DiT blocks
consisting of alternating self-attention and cross-attention layers. Cross-attention
conditions action generation on the encoded frame tokens. The final action tokens
are decoded into continuous action vectors using an MLP applied independently
across the time dimension.

Design choices. Although the model can condition on multiple frames, we find no
benefit from using more than one past frame, even with increased temporal gaps.
This is likely because the initial state of these action games already provides sufficient
context to elicit the appropriate behavior. We instead use a single context frame
and generate 16-action chunks, which improves temporal consistency compared to
single-action generation.

Training and inference. We train NitroGen using the standard conditional flow-
matching objective (Lipman et al., 2022; Black et al., 2024), applied to 16-action
chunks, with one 256× 256 frame of context. Inference follows the corresponding
denoising process with k = 16 steps.

During training, we apply the following image augmentations: random brightness,
contrast, saturation and hue, random rotation between −5 and 5 degrees, and random
crops. We train all models using AdamW (Kingma et al., 2017; Loshchilov et al.,
2019) optimizer with a weight decay of 0.001. We use a warmup-stable-decay (WSD)
schedule (Wen et al., 2024), which allows us to train for longer without a fixed
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Figure 3.6: NitroGen 500M pre-training results across different games. We evaluate
NitroGen after behavior-cloning pre-training. The model is not fine-tuned for
specific games. For each game, we measure the average task completion rate on 3
tasks with 5 rollouts per task. Despite being trained on a very noisy internet dataset,
NitroGen is able to perform non-trivial tasks over games with different visual styles
(3D, 2D top-down, 2D side-scrolling) and genres (platformer, action-RPG, roguelike,
etc.).

training budget, with a constant learning rate phase of 0.0001. Following Peebles
et al., 2023, we maintain an exponential moving average (EMA) of model weights
during training with a decay of 0.9999. All our results are obtained with the EMA
weights, which we find consistently outperform the non-EMA weights.

3.4 Experiments
Performance of the gamepad action extraction model. To evaluate our action
extraction pipeline, we construct a benchmark dataset by recording gameplay from
six video games using OBS4, with randomized opacity, gamepad size, and gamepad
type to mimic real-world conditions. We record ground-truth controller inputs at each
frame and compare them with the extracted actions. We measure joystick accuracy
with the R2 score and button accuracy per frame. As shown in Figure 3.5, we achieve
an average R2 of 0.84 for joystick positions and an average button accuracy of 0.96
across the most popular controller families.

NitroGen demonstrates strong capabilities across a wide range of games.
We train a single model on the entire dataset from Section 3.3. Without further
fine-tuning, NitroGen achieves non-trivial success rates across many games and
tasks. Figure 3.6 summarizes the main results. We observe that NitroGen performs
well both on tasks that can be memorized and on tasks that require zero-shot

4Open Broadcaster Software: https://obsproject.com/; Input recording tool: https:
//github.com/loicmagne/input-rec

https://obsproject.com/
https://github.com/loicmagne/input-rec
https://github.com/loicmagne/input-rec
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generalization. For example, some games feature fixed layouts that the model may
have partially encountered during training, while others employ procedural generation
that ensures each playthrough is unique. We do not find significant differences
in performance between these two categories, suggesting that NitroGen can both
leverage memorization and adapt to unseen scenarios.

This result validates that it is possible to train a robust policy using only noisy internet-
scale data. The dataset includes several sources of noise that could hinder training:
(a) actions are not strictly ground truth, since input overlay software introduces
small delays, and parsing adds further inaccuracies; (b) video frames often contain
creator-specific artifacts such as livestream chats, subscribe prompts, or progress
trackers; and (c) controller configurations vary across players, differences in
sensitivity settings or custom button mappings can change the semantic meaning
of the same input. Despite these challenges, Figure 3.6 shows that large-scale
pre-training yields a robust multi-game policy.

NitroGen pre-training improves downstream fine-tuning on unseen environ-
ments. We evaluate transfer learning by pre-training NitroGen on the full dataset
except for a held-out game, then fine-tuning on this game with a limited amount of
data. We compare this fine-tuned model with an identical architecture trained from
scratch using the same data and compute budget. Results are shown in Figure 3.7. We
study two representative games with different visual styles and genres: an isometric
roguelike and a 3D action-RPG.

The effectiveness of pre-training varies by game type and task category. Across
different data quantities, fine-tuning achieves an average relative improvement of
10% on the isometric roguelike, whereas the 3D action-RPG shows a 25% average
relative improvement. This difference likely stems from better representation of 3D
action-RPGs in the training distribution, while the isometric roguelike has gameplay
mechanics and visual style that are less common in the training data.

Furthermore, pre-training benefits are not uniform across task types. On the 3D
action-RPG, generic tasks such as combat (52% relative improvement) and navigation
(25% relative improvement) benefit substantially from pre-training, while game-
specific tasks show only marginal gains (5% relative improvement). This suggests
that NitroGen effectively learns transferable skills for common gameplay patterns,
but game-specific mechanics still require targeted training on the new environment.
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Figure 3.7: Post-training experiments: NitroGen pre-training improves downstream
agents in unseen environments. We pre-train NitroGen on the dataset described in
Section 3.3, holding out one game. We then fine-tune the pre-trained checkpoint on
the held-out game and compare the results with a model trained from scratch using
the same architecture, data and compute budget. (a) When varying data quantity,
task-completion rate scales with dataset size, and fine-tuning achieves on average a
10% relative improvement in task-completion rate. (b) When varying task type in
the low-data regime (30h), fine-tuning achieves up to 52% relative improvement in
task-completion rate.

3.5 Limitations and Future Work
Design limitations. NitroGen is limited to being a fast-reacting system-1 sensory
model. It cannot plan over long horizons or follow language instructions; the model
only reacts to the short context it sees. We develop NitroGen aiming for it to serve
as a foundation for future generalist agent development, where post-training for
language-following and reinforcement learning can be applied to enhance planning
capabilities and improve success rates.

Dataset bias. While diverse, our data collection method still restricts the types of
games included in our dataset. The data distribution of the NitroGen dataset is
biased toward action games (Figure 3.3), and games that are typically played with a
gamepad. Keyboard-only games or those that involve complex manipulation are less
represented in the dataset. This bias may limit the agent’s ability to generalize to
genres like strategy or simulation games that rely more on planning and keyboard
input.

3.6 Conclusion
In this work, we introduce NitroGen, an approach to scale up foundation pre-training
for video game agents and demonstrate how internet pre-training can yield a generalist
policy. We leverage a new source of publicly available data to build an internet-scale
video-action dataset, and empirically demonstrate its effectiveness by successfully
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training a multi-game policy. NitroGen shows positive signs of generalization in
fine-tuning experiments. By lowering the barrier to train agents on new environments,
NitroGen serves as a starting point to develop more powerful and general-purpose
agents.
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C h a p t e r 4

LARGE LANGUAGE MODELS FOR OPEN-ENDED AGENT
PLANNING

This chapter is based on the paper:

Wang, Guanzhi, Yuqi Xie, Yunfan Jiang, Ajay Mandlekar, Chaowei Xiao, Yuke Zhu,
Linxi Fan, and Anima Anandkumar (2024). Voyager: An Open-Ended Embodied
Agent With Large Language Models. In: Transactions on Machine Learning
Research. issn: 2835-8856. url: https://openreview.net/forum?id=
ehfRiF0R3a.

4.1 Introduction
Building generally capable embodied agents that continuously explore, plan, and
develop new skills in open-ended worlds is a grand challenge for the AI commu-
nity (Kolve et al., 2017; Savva et al., 2019; Zhu et al., 2020c; Xia et al., 2019; Shen
et al., 2020). Classical approaches employ reinforcement learning (RL) (Kober et al.,
2013; Arulkumaran et al., 2017) and imitation learning (Baker et al., 2022; Team
et al., 2021a; Vinyals et al., 2019a) that operate on primitive actions, which could be
challenging for systematic exploration (Ecoffet et al., 2019; Huizinga et al., 2022;
Wang et al., 2020; Kanitscheider et al., 2021; Dennis et al., 2020), interpretabil-
ity (Liang et al., 2023; Sun et al., 2020; Zhao et al., 2021), and generalization (Jiang
et al., 2023; Shridhar et al., 2021; Fan et al., 2021). Recent advances in large language
model (LLM) based agents harness the world knowledge encapsulated in pre-trained
LLMs to generate consistent action plans or executable policies (Liang et al., 2023;
Singh et al., 2023; Jiang et al., 2023). They are applied to embodied tasks like games
and robotics (Fan et al., 2022; Zeng et al., 2022; Ahn et al., 2022; Huang et al.,
2022b; Huang et al., 2022a), as well as NLP tasks without embodiment (AutoGPT,
2023; Yao et al., 2022; Shinn et al., 2023). However, these agents are not lifelong
learners that can progressively acquire, update, accumulate, and transfer knowledge
over extended time spans (Parisi et al., 2019; Wang et al., 2023c).

Let us consider Minecraft as an example. Unlike most other games studied in
AI (Mnih et al., 2013; OpenAI et al., 2019; Vinyals et al., 2019a), Minecraft does
not impose a predefined end goal or a fixed storyline but rather provides a unique
playground with endless possibilities (Fan et al., 2022). Minecraft requires players to

https://openreview.net/forum?id=ehfRiF0R3a
https://openreview.net/forum?id=ehfRiF0R3a
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Figure 4.1: Voyager discovers new Minecraft items and skills continually by self-
driven exploration, significantly outperforming the baselines. X-axis denotes the
number of prompting iterations.

explore vast, procedurally generated 3D terrains and unlock a tech tree using gathered
resources. Human players typically start by learning the basics, such as mining
wood and cooking food, before advancing to more complex tasks like combating
monsters and crafting diamond tools. We argue that an effective lifelong learning
agent should have similar capabilities as human players: (1) propose suitable tasks
based on its current skill level and world state, e.g., learn to harvest sand and cactus
before iron if it finds itself in a desert rather than a forest; (2) refine skills based
on environmental feedback and commit mastered skills to memory for future
reuse in similar situations (e.g., fighting zombies is similar to fighting spiders); (3)
continually explore the world and seek out new tasks in a self-driven manner.

Towards these goals, we introduce Voyager, the first LLM-powered embodied
lifelong learning agent to drive exploration, master a wide range of skills, and make
new discoveries continually without human intervention in Minecraft. Voyager is
made possible through three key modules (Fig. 4.2): 1) an automatic curriculum
that maximizes exploration; 2) a skill library for storing and retrieving complex
behaviors; and 3) a new iterative prompting mechanism that generates executable
code for embodied control. We opt to use code as the action space instead of low-level
motor commands because programs can naturally represent temporally extended and
compositional actions (Liang et al., 2023; Singh et al., 2023), which are essential
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Figure 4.2: Voyager consists of three key components: an automatic curriculum for
open-ended exploration, a skill library for increasingly complex behaviors, and an
iterative prompting mechanism that uses code as action space.

for many long-horizon tasks in Minecraft. Voyager interacts with a blackbox LLM
(GPT-4 (OpenAI, 2023)) through prompting and in-context learning (Wei et al.,
2022a; Brown et al., 2020; Raffel et al., 2020). Our approach bypasses the need for
model parameter access and explicit gradient-based training or finetuning.

More specifically, Voyager attempts to solve progressively harder tasks proposed by
the automatic curriculum, which takes into account the exploration progress and
the agent’s state. The curriculum is generated by GPT-4 based on the overarching
goal of “discovering as many diverse things as possible”. This approach can be
perceived as an in-context form of novelty search (Eysenbach et al., 2019; Conti et al.,
2018). Voyager incrementally builds a skill library by storing the action programs
that help solve a task successfully. Each program is indexed by the embedding of its
description, which can be retrieved in similar situations in the future. Complex skills
can be synthesized by composing simpler programs, which compounds Voyager’s
capabilities rapidly over time and alleviates catastrophic forgetting in other continual
learning methods (Parisi et al., 2019; Wang et al., 2023c).

However, LLMs struggle to produce the correct action code consistently in one
shot (Chen et al., 2021c). To address this challenge, we propose an iterative
prompting mechanism that: (1) executes the generated program to obtain observa-
tions from the Minecraft simulation (such as inventory listing and nearby creatures)
and error trace from the code interpreter (if any); (2) incorporates the feedback
into GPT-4’s prompt for another round of code refinement; and (3) repeats the
process until a self-verification module confirms the task completion, at which
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point we commit the program to the skill library (e.g., craftStoneShovel() and
combatZombieWithSword()) and query the automatic curriculum for the next
milestone (Fig. 4.2).

Empirically, Voyager demonstrates strong in-context lifelong learning capabilities.
It can construct an ever-growing skill library of action programs that are reusable,
interpretable, and generalizable to novel tasks. We evaluate Voyager systematically
against other LLM-based agent techniques (e.g., ReAct (Yao et al., 2022), Reflex-
ion (Shinn et al., 2023), AutoGPT (AutoGPT, 2023)) in MineDojo (Fan et al., 2022),
an open-source Minecraft AI framework. Voyager outperforms prior SOTA by
obtaining 3.3× more unique items, unlocking key tech tree milestones up to 15.3×
faster, and traversing 2.3× longer distances. We further demonstrate that Voyager
is able to utilize the learned skill library in a new Minecraft world to solve novel
tasks from scratch, while other methods struggle to generalize.

4.2 Related Work
Decision-making Agents in Minecraft. Minecraft is an open-ended 3D world with
incredibly flexible game mechanics supporting a broad spectrum of activities. Built
upon notable Minecraft benchmarks (Fan et al., 2022; Guss et al., 2019a; Guss et al.,
2019b; Guss et al., 2021; Kanervisto et al., 2022; Johnson et al., 2016), Minecraft
learning algorithms can be divided into two categories: 1) Low-level controller: Many
prior efforts leverage hierarchical reinforcement learning to learn from human demon-
strations (Lin et al., 2021b; Mao et al., 2021; Skrynnik et al., 2021). Kanitscheider
et al. (Kanitscheider et al., 2021) design a curriculum based on success rates, but its
objectives are limited to curated items. MineDojo (Fan et al., 2022) and VPT (Baker
et al., 2022) utilize YouTube videos for large-scale pre-training. DreamerV3 (Hafner
et al., 2023), on the other hand, learns a world model to explore the environment and
collect diamonds. 2) High-level planner: Volum et al. (Volum et al., 2022) leverage
few-shot prompting with Codex (Chen et al., 2021c) to generate executable policies,
but they require additional human interaction. Recent works leverage LLMs as a high-
level planner in Minecraft by decomposing a high-level task into several subgoals
following Minecraft recipes (Wang et al., 2024b; Nottingham et al., 2023; Yuan et al.,
2023), thus lacking full exploration flexibility. Like these latter works, Voyager also
uses LLMs as a high-level planner by prompting GPT-4 and utilizes Mineflayer (Pris-
marineJS, 2013) as a low-level controller following Volum et al. (Volum et al., 2022).
Unlike prior works, Voyager employs an automatic curriculum that unfolds in a
bottom-up manner, driven by curiosity, and therefore enables open-ended exploration.
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Large Language Models for Agent Planning. Inspired by the strong emergent ca-
pabilities of LLMs, such as zero-shot prompting and complex reasoning (Bommasani
et al., 2021; Brown et al., 2020; Raffel et al., 2020; Wei et al., 2022a; Chowdhery
et al., 2022; Chung et al., 2022), embodied agent research (Duan et al., 2022; Batra
et al., 2020; Ravichandar et al., 2020; Collins et al., 2021) has witnessed a significant
increase in the utilization of LLMs for planning purposes. Recent efforts can be
roughly classified into two groups. 1) Large language models for robot learning:
Many prior works apply LLMs to generate subgoals for robot planning (Huang et al.,
2022a; Huang et al., 2022a; Ahn et al., 2022; Min et al., 2021; Blukis et al., 2021).
Inner Monologue (Huang et al., 2022b) incorporates environment feedback for robot
planning with LLMs. Code as Policies (Liang et al., 2023) and ProgPrompt (Singh et
al., 2023) directly leverage LLMs to generate executable robot policies. VIMA (Jiang
et al., 2023) and PaLM-E (Driess et al., 2023) fine-tune pre-trained LLMs to support
multimodal prompts. 2) Large language models for text agents: ReAct (Yao et al.,
2022) leverages chain-of-thought prompting (Wei et al., 2022b) and generates both
reasoning traces and task-specific actions with LLMs. Reflexion (Shinn et al., 2023)
is built upon ReAct (Yao et al., 2022) with self-reflection to enhance reasoning.
AutoGPT (AutoGPT, 2023) is a popular tool that automates NLP tasks by crafting a
curriculum of multiple subgoals for completing a high-level goal while incorporating
ReAct (Yao et al., 2022)’s reasoning and acting loops. DERA (Nair et al., 2023)
frames a task as a dialogue between two GPT-4 (OpenAI, 2023) agents. Generative
Agents (Park et al., 2023) leverages ChatGPT (Introducing ChatGPT 2022) to simu-
late human behaviors by storing agents’ experiences as memories and retrieving those
for planning, but its agent actions are not executable. SPRING (Wu et al., 2023c)
is a concurrent work that uses GPT-4 to extract game mechanics from game manuals,
based on which it answers questions arranged in a directed acyclic graph and predicts
the next action. All these works lack a skill library for developing more complex behav-
iors, which are crucial components for the success of Voyager in lifelong learning.

Code Generation with Execution. Code generation has been a longstanding chal-
lenge in NLP (Chen et al., 2021c; Nijkamp et al., 2022; Le et al., 2022; Chowdhery
et al., 2022; Brown et al., 2020), with various works leveraging execution results to
improve program synthesis. Execution-guided approaches leverage intermediate exe-
cution outcomes to guide program search (Chen et al., 2019; Chen et al., 2021d; Ellis et
al., 2019). Another line of research utilizes majority voting to choose candidates based
on their execution performance (Li et al., 2022b; Cobbe et al., 2021). Additionally,
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Reasoning: Your hunger is at 0, which means you need to find food to replenish 
your hunger. Since there are pigs nearby, you can kill one to obtain raw porkchops.
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the iron to make iron ingots, which can be used to craft better tools and armor.


Task: Smelt 4 raw iron.

Reasoning: Since it's night and there's a zombie nearby, it's a good opportunity to 
try killing the zombie now that you have a stone sword and a shield equipped.

Task: Kill 1 zombie.
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Figure 4.3: Tasks proposed by the automatic curriculum. We only display the partial
prompt for brevity.

LEVER (Ni et al., 2023) trains a verifier to distinguish and reject incorrect programs
based on execution results. CLAIRIFY (Skreta et al., 2023), on the other hand, gener-
ates code for planning chemistry experiments and makes use of a rule-based verifier to
iteratively provide error feedback to LLMs. Voyager distinguishes itself from these
works by integrating environment feedback, execution errors, and self-verification (to
assess task success) into an iterative prompting mechanism for embodied control.

4.3 Method
Voyager consists of three novel components: (1) an automatic curriculum (Sec. 4.3)
that suggests objectives for open-ended exploration, (2) a skill library (Sec. 4.3)
for developing increasingly complex behaviors, and (3) an iterative prompting
mechanism (Sec. 4.3) that generates executable code for embodied control.

Automatic Curriculum
Embodied agents encounter a variety of objectives with different complexity levels
in open-ended environments. An automatic curriculum offers numerous benefits for
open-ended exploration, ensuring a challenging but manageable learning process,
fostering curiosity-driven intrinsic motivation for agents to learn and explore, and
encouraging the development of general and flexible problem-solving strategies (Wang
et al., 2019; Portelas et al., 2020; Forestier et al., 2022). Our automatic curriculum
capitalizes on the internet-scale knowledge contained within GPT-4 by prompting it
to provide a steady stream of new tasks or challenges. The curriculum evolves bottom-
up, allowing for considerable adaptability and responsiveness to the exploration
progress and the agent’s current state (Fig. 4.3). As Voyager progresses to harder
self-driven goals, it naturally learns a variety of skills, such as “mining a diamond.”
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Figure 4.4: Skill library. Top: Adding a new skill. Each time GPT-4 generates and
verifies a new skill, we add it to the skill library, represented by a vector database. The
key is the embedding vector of the program description (generated by GPT-3.5), while
the value is the program itself. Bottom: Skill retrieval. When faced with a new task
proposed by the automatic curriculum, we first leverage GPT-3.5 to generate a general
suggestion for solving the task, which is combined with environment feedback as the
query context. Subsequently, we perform querying to identify the top-5 relevant skills.

The input prompt to GPT-4 consists of several components:

(1) Directives encouraging diverse behaviors and imposing constraints, such as
“My ultimate goal is to discover as many diverse things as possible
... The next task should not be too hard since I may not have

the necessary resources or have learned enough skills to complete

it yet.”;

(2) The agent’s current state, including inventory, equipment, nearby blocks and
entities, biome, time, health and hunger bars, and position;

(3) Previously completed and failed tasks, reflecting the agent’s current explo-
ration progress and capabilities frontier;

(4) Additional context: We also leverage GPT-3.5 to self-ask questions based on
the agent’s current state and exploration progress and self-answer questions.
We opt to use GPT-3.5 instead of GPT-4 for standard NLP tasks due to
budgetary considerations.
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Skill Library
With the automatic curriculum consistently proposing increasingly complex tasks,
it is essential to have a skill library that serves as a basis for learning and evolution.
Inspired by the generality, interpretability, and universality of programs (Ellis et al.,
2020), we represent each skill with executable code that scaffolds temporally extended
actions for completing a specific task proposed by the automatic curriculum.

The input prompt to GPT-4 consists of the following components:

(1) Guidelines for code generation, such as “Your function will be reused
for building more complex functions. Therefore, you should

make it generic and reusable.”;

(2) Control primitive APIs, and relevant skills retrieved from the skill library,
which are crucial for in-context learning (Wei et al., 2022a; Brown et al., 2020;
Raffel et al., 2020) to work well;

(3) The generated code from the last round, environment feedback, execution
errors, and critique, based on which GPT-4 can self-improve (Sec. 4.3);

(4) The agent’s current state, including inventory, equipment, nearby blocks and
entities, biome, time, health and hunger bars, and position;

(5) Chain-of-thought prompting (Wei et al., 2022b) to do reasoning before code
generation.

We iteratively refine the program through a novel iterative prompting mechanism
(Sec. 4.3), incorporate it into the skill library as a new skill, and index it by the
embedding of its description (Fig. 4.4, top). For skill retrieval, we query the skill
library with the embedding of self-generated task plans and environment feedback
(Fig. 4.4, bottom). By continuously expanding and refining the skill library, Voyager
can learn, adapt, and excel in a wide spectrum of tasks, consistently pushing the
boundaries of its capabilities in the open world.

Iterative Prompting Mechanism
We introduce an iterative prompting mechanism for self-improvement through three
types of feedback:

(1) Environment feedback, which illustrates the intermediate progress of pro-
gram execution (Fig. 4.5, left). For example, “I cannot make an iron
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I cannot make stick because I need:  2 more planks

I cannot make stone_shovel because I need:  2 more stick

throw new Error(`No item named ${name}`);

No item named acacia_axe

at line 18:await craftItem(bot, "acacia_axe", 1);

Environment Feedback Execution Error

GPT-4 GPT-4

Figure 4.5: Iterative prompting. Left: Environment feedback. GPT-4 realizes it
needs 2 more planks before crafting sticks. Right: Execution error. GPT-4 realizes it
should craft a wooden axe instead of an acacia axe since there is no acacia axe in
Minecraft. We only display the partial prompt for brevity.

chestplate because I need: 7 more iron ingots” highlights the
cause of failure in crafting an iron chestplate. We use bot.chat() inside
control primitive APIs to generate environment feedback and prompt GPT-4
to use this function as well during code generation;

(2) Execution errors from the program interpreter that reveal any invalid opera-
tions or syntax errors in programs, which are valuable for bug fixing (Fig. 4.5,
right);

(3) Self-verification for checking task success. Instead of manually coding
success checkers for each new task proposed by the automatic curriculum, we
instantiate another GPT-4 agent for self-verification. By providing Voyager’s
current state and the task to GPT-4, we ask it to act as a critic (Mnih et al.,
2016; Schulman et al., 2017; Lillicrap et al., 2016) and inform us whether the
program achieves the task. In addition, if the task fails, it provides a critique by
suggesting how to complete the task (Fig. 4.6). Hence, our self-verification is
more comprehensive than self-reflection (Shinn et al., 2023) by both checking
success and reflecting on mistakes.
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Inventory (8/36): {'oak_planks': 5, 'cobblestone': 2, 
'porkchop': 2, 'wooden_sword': 1, 'coal': 5, 'wooden_pickaxe': 
1, 'oak_log': 3, 'dirt': 9}

Task: Mine 5 coal ores

Inventory (10/36): {'raw_copper': 9, 'copper_ingot': 3, 
'acacia_planks': 1, 'raw_iron': 1, 'stick': 1, 'iron_sword': 1, 
'iron_pickaxe': 1, 'iron_ingot': 3, 'crafting_table': 1, 'furnace': 1}

Task: Craft a spyglass

Inventory (7/36): {'oak_log': 5, 'oak_planks': 1, 
'wooden_pickaxe': 1, 'wooden_sword': 1, 'porkchop': 2, 
'white_wool': 2, 'mutton': 6}

Task: Kill 3 sheep

Inventory (9/36): {'string': 4, 'coal': 1, 'rotten_flesh': 1, 
'iron_sword': 1, 'furnace': 1, 'dirt': 6, 'stone_shovel': 1, 
'wooden_pickaxe': 1, 'granite': 5}

Task: Kill 1 zombie

Reasoning: Mining coal_ore in Minecraft will get coal. You have 5 coal in your 
inventory.

Success: True

Reasoning: To craft a spyglass, you need 2 copper ingots and 1 amethyst shard. 
You have 3 copper ingots, but you don't have any amethyst shards.

Success: False

Critique: Find and mine an amethyst shard underground.

Reasoning: You have 2 white_wool and 6 mutton in your inventory, which indicates 
that you killed 2 sheep. You needed to kill 3 sheep.

Success: False

Critique: Find and kill one more sheep to complete the task.

Reasoning: You have 1 rotten_flesh in your inventory, which means you have killed 
at least 1 zombie.

Success: True

GPT-4

GPT-4

GPT-4

GPT-4

Figure 4.6: Self-verification examples. We only display the partial prompt for brevity.

During each round of code generation, we execute the generated program to obtain
environment feedback and execution errors from the code interpreter, which are
incorporated into GPT-4’s prompt for the next round of code refinement. This
iterative process repeats until self-verification validates the task’s completion, at
which point we add this new skill to the skill library and ask the automatic curriculum
for a new objective (Fig. 4.2). If the agent gets stuck after 4 rounds of code generation,
then we query the curriculum for another task. This iterative prompting approach
significantly improves program synthesis for embodied control, enabling Voyager
to continuously acquire diverse skills without human intervention.

4.4 Experiments
Experimental Setup
We leverage OpenAI’s gpt-4-0314 (OpenAI, 2023) and gpt-3.5-turbo-0301 (In-
troducing ChatGPT 2022) APIs for text completion, along withtext-embedding-ada-002 (New
and Improved Embedding Model 2022) API for text embedding. We set all tem-
peratures to 0 except for the automatic curriculum, which uses temperature = 0.1
to encourage task diversity. Our simulation environment is built on top of Mine-
Dojo (Fan et al., 2022) and leverages Mineflayer (PrismarineJS, 2013) JavaScript
APIs for motor controls.

Baselines
Because there is no LLM-based agents that work out of the box for Minecraft, we
make our best effort to select a number of representative algorithms as baselines.
These methods are originally designed only for NLP tasks without embodiment,
therefore we have to re-interpret them to be executable in MineDojo and compatible
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with our experimental setting:

ReAct (Yao et al., 2022) uses chain-of-thought prompting (Wei et al., 2022b) by
generating both reasoning traces and action plans with LLMs. We provide it with
our environment feedback and the agent states as observations.

Reflexion (Shinn et al., 2023) is built on top of ReAct (Yao et al., 2022) with
self-reflection to infer more intuitive future actions. We provide it with execution
errors and our self-verification module.

AutoGPT (AutoGPT, 2023) is a popular software tool that automates NLP tasks by
decomposing a high-level goal into multiple subgoals and executing them in a ReAct-
style loop. We re-implement AutoGPT by using GPT-4 to do task decomposition
and provide it with the agent states, environment feedback, and execution errors as
observations for subgoal execution. Compared with Voyager, AutoGPT lacks the
skill library for accumulating knowledge, self-verification for assessing task success,
and automatic curriculum for open-ended exploration.

Note that we do not directly compare with prior methods that take Minecraft screen
pixels as input and output low-level controls (Nottingham et al., 2023; Cai et al.,
2023; Wang et al., 2024b). It would not be an apple-to-apple comparison, because
we rely on the high-level Mineflayer (PrismarineJS, 2013) API to control the agent.
Our work’s focus is on pushing the limits of GPT-4 for lifelong embodied agent
learning, rather than solving the 3D perception or sensorimotor control problems.
Voyager is orthogonal and can be combined with gradient-based approaches like
VPT (Baker et al., 2022) as long as the controller provides a code API.

Evaluation Results
We systematically evaluate Voyager and baselines on their exploration performance,
tech tree mastery, map coverage, and zero-shot generalization capability to novel
tasks in a new world.

Significantly better exploration. Results of exploration performance are shown
in Fig. 4.1. Voyager’s superiority is evident in its ability to consistently make
new strides, discovering 63 unique items within 160 prompting iterations, 3.3×
many novel items compared to its counterparts. On the other hand, AutoGPT lags
considerably in discovering new items, while ReAct and Reflexion struggle to make
significant progress, given the abstract nature of the open-ended exploration goal
that is challenging to execute without an appropriate curriculum.
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Table 4.1: Tech tree mastery. Fractions indicate the number of successful trials out
of three total runs. 0/3 means the method fails to unlock a level of the tech tree
within the maximal prompting iterations (160). Numbers are prompting iterations
averaged over three trials. The fewer the iterations, the more efficient the method.

Method Wooden Tool Stone Tool Iron Tool Diamond Tool

ReAct Yao et al., 2022 N/A (0/3) N/A (0/3) N/A (0/3) N/A (0/3)
Reflexion Shinn et al., 2023 N/A (0/3) N/A (0/3) N/A (0/3) N/A (0/3)
AutoGPT AutoGPT, 2023 92± 72 (3/3) 94± 72 (3/3) 135± 103 (3/3) N/A (0/3)
Voyager w/o Skill Library 7± 2 (3/3) 9± 4 (3/3) 29± 11 (3/3) N/A (0/3)
Voyager (Ours) 6± 2 (3/3) 11± 2 (3/3) 21± 7 (3/3) 102 (1/3)

Figure 4.7: Map coverage: bird’s eye views of Minecraft maps. Voyager is able to
traverse 2.3× longer distances compared to baselines while crossing diverse terrains.

Consistent tech tree mastery. The Minecraft tech tree tests the agent’s ability to
craft and use a hierarchy of tools. Progressing through this tree (wooden tool →
stone tool → iron tool → diamond tool) requires the agent to master systematic and
compositional skills. Compared with baselines, Voyager unlocks the wooden level
15.3× faster (in terms of the prompting iterations), the stone level 8.5× faster, the
iron level 6.4× faster, and Voyager is the only one to unlock the diamond level
of the tech tree (Fig. 4.2 and Table. 4.1). This underscores the effectiveness of the
automatic curriculum, which consistently presents challenges of suitable complexity
to facilitate the agent’s progress.

Extensive map traversal. Voyager is able to navigate distances 2.3× longer
compared to baselines by traversing a variety of terrains, while the baseline agents
often find themselves confined to local areas, which significantly hampers their
capacity to discover new knowledge (Fig. 4.7).

Efficient zero-shot generalization to unseen tasks. To evaluate zero-shot gener-
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Table 4.2: Zero-shot generalization to unseen tasks. Fractions indicate the number
of successful trials out of three total attempts. 0/3 means the method fails to solve the
task within the maximal prompting iterations (50). Numbers are prompting iterations
averaged over three trials. The fewer the iterations, the more efficient the method.

Method Diamond Pickaxe Golden Sword Lava Bucket Compass

ReAct Yao et al., 2022 N/A (0/3) N/A (0/3) N/A (0/3) N/A (0/3)
Reflexion Shinn et al., 2023 N/A (0/3) N/A (0/3) N/A (0/3) N/A (0/3)
AutoGPT AutoGPT, 2023 N/A (0/3) N/A (0/3) N/A (0/3) N/A (0/3)
AutoGPT AutoGPT, 2023 w/ Our Skill Library 39 (1/3) 30 (1/3) N/A (0/3) 30 (2/3)
Voyager w/o Skill Library 36 (2/3) 30± 9 (3/3) 27± 9 (3/3) 26± 3 (3/3)
Voyager (Ours) 19± 3 (3/3) 18± 7 (3/3) 21± 5 (3/3) 18± 2 (3/3)

Figure 4.8: Zero-shot generalization to unseen tasks. We visualize the intermediate
progress of each method on two tasks. We do not plot ReAct and Reflexion since
they do not make any meaningful progress.

alization, we clear the agent’s inventory, reset it to a newly instantiated world, and
test it with unseen tasks. For both Voyager and AutoGPT, we utilize GPT-4 to
break down the task into a series of subgoals. Table. 4.2 and Fig. 4.8 show Voyager
can consistently solve all the tasks, while baselines cannot solve any task within 50
prompting iterations. What’s interesting to note is that our skill library constructed
from lifelong learning not only enhances Voyager’s performance but also gives a
boost to AutoGPT. This demonstrates that the skill library serves as a versatile tool
that can be readily employed by other methods, effectively acting as a plug-and-play
asset to enhance performance.

Ablation Studies
We ablate 6 design choices (automatic curriculum, skill library, environment feed-
back, execution errors, self-verification, and GPT-4 for code generation) in Voyager
and study their impact on exploration performance. Results are shown in Fig. 4.9.
We highlight the key findings below:
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• Automatic curriculum is crucial for the agent’s consistent progress. The
discovered item count drops by 93% if the curriculum is replaced with a
random one, because certain tasks may be too challenging if attempted out of
order. On the other hand, a manually designed curriculum requires significant
Minecraft-specific expertise, and does not take into account the agent’s live
situation. It falls short in the experimental results compared to our automatic
curriculum.

• Voyager w/o skill library exhibits a tendency to plateau in the later stages.
This underscores the pivotal role that the skill library plays in Voyager. It
helps create more complex actions and steadily pushes the agent’s boundaries
by encouraging new skills to be built upon older ones.

• Self-verification is the most important among all the feedback types.
Removing the module leads to a significant drop (−73%) in the discovered
item count. Self-verification serves as a critical mechanism to decide when to
move on to a new task or reattempt a previously unsuccessful task.

• GPT-4 significantly outperforms GPT-3.5 in code generation and obtains
5.7× more unique items, as GPT-4 exhibits a quantum leap in coding abilities.
This finding corroborates recent studies in the literature (Bubeck et al., 2023;
Liu et al., 2023c).

Multimodal Feedback from Humans
Voyager does not currently support visual perception, because the available version
of GPT-4 API is text-only at the time of this writing. However, Voyager has the
potential to be augmented by multimodal perception models (Liu et al., 2023b; Driess
et al., 2023) to achieve more impressive tasks. We demonstrate that given human
feedback, Voyager is able to construct complex 3D structures in Minecraft, such
as a Nether Portal and a house (Fig. 4.10). There are two ways to integrate human
feedback:

(1) Human as a critic (equivalent to Voyager’s self-verification module): humans
provide visual critique to Voyager, allowing it to modify the code from the
previous round. This feedback is essential for correcting certain errors in the
spatial details of a 3D structure that Voyager cannot perceive directly.
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Figure 4.9: Ablations. Left: Ablation studies for the automatic curriculum, skill
library, and GPT-4. GPT-3.5 means replacing GPT-4 with GPT-3.5 for code
generation. Voyager outperforms all the alternatives, demonstrating the critical
role of each component. Right: Ablation studies for the iterative prompting
mechanism. Voyager surpasses all the other options, thereby highlighting the
essential significance of each type of feedback in the iterative prompting mechanism.

Figure 4.10: Voyager builds 3D structures with human feedback. The progress of
building designs that integrate human input is demonstrated from left to right.

(2) Human as a curriculum (equivalent to Voyager’s automatic curriculum
module): humans break down a complex building task into smaller steps,
guiding Voyager to complete them incrementally. This approach improves
Voyager’s ability to handle more sophisticated 3D construction tasks.

4.5 Limitations and Future Work
Cost. The GPT-4 API incurs significant costs. It is 15×more expensive than GPT-3.5.
Nevertheless, Voyager requires the quantum leap in code generation quality from
GPT-4 (Fig. 4.9), which GPT-3.5 and open-source LLMs cannot provide (Touvron
et al., 2023).

Inaccuracies. Despite the iterative prompting mechanism, there are still cases where
the agent gets stuck and fails to generate the correct skill. The automatic curriculum
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has the flexibility to reattempt this task at a later time. Occasionally, self-verification
module may also fail, such as not recognizing spider string as a success signal of
beating a spider.

Hallucinations. The automatic curriculum occasionally proposes unachievable tasks.
For example, it may ask the agent to craft a “copper sword" or “copper chestplate",
which are items that do not exist within the game. Hallucinations also occur during
the code generation process. For instance, GPT-4 tends to use cobblestone as a fuel
input, despite being an invalid fuel source in the game. Additionally, it may call
functions absent in the provided control primitive APIs, leading to code execution
errors.

We are confident that improvements in the GPT API models as well as novel
techniques for finetuning open-source LLMs will overcome these limitations in the
future.

4.6 Conclusion
In this work, we introduce Voyager, the first LLM-powered embodied lifelong
learning agent, which leverages GPT-4 to explore the world continuously, develop
increasingly sophisticated skills, and make new discoveries consistently without
human intervention. Voyager exhibits superior performance in discovering novel
items, unlocking the Minecraft tech tree, traversing diverse terrains, and applying its
learned skill library to unseen tasks in a newly instantiated world. Voyager serves
as a starting point to develop powerful generalist agents without tuning the model
parameters.

4.7 Broader Impacts
Our research is conducted within Minecraft, a safe and harmless 3D video game
environment. While Voyager is designed to be generally applicable to other domains,
such as robotics, its application to physical robots would require additional attention
and the implementation of safety constraints by humans to ensure responsible and
secure deployment.
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C h a p t e r 5

LARGE LANGUAGE MODELS FOR ROBOT REWARD DESIGN

This chapter is based on the paper:

Ma, Yecheng Jason, William Liang, Guanzhi Wang, De-An Huang, Osbert Bas-
tani, Dinesh Jayaraman, Yuke Zhu, Jim Fan, and Anima Anandkumar (2024).
Eureka: Human-Level Reward Design via Coding Large Language Models. In:
International Conference on Representation Learning 2024. Ed. by B. Kim, Y.
Yue, S. Chaudhuri, K. Fragkiadaki, M. Khan, and Y. Sun, pp. 26516–26560.
url: https://proceedings.iclr.cc/paper_files/paper/2024/file/
70c26937fbf3d4600b69a129031b66ec-Paper-Conference.pdf.

5.1 Introduction
Large Language Models (LLMs) have excelled as high-level semantic planners for
robotics tasks (Ahn et al., 2022; Singh et al., 2023), but whether they can be used
to learn complex low-level manipulation tasks, such as dexterous pen spinning,
remains an open problem. Existing attempts require substantial domain expertise
to construct task prompts or learn only simple skills, leaving a substantial gap in
achieving human-level dexterity (Yu et al., 2023b; Brohan et al., 2023b).

On the other hand, reinforcement learning (RL) has achieved impressive results
in dexterity (Andrychowicz et al., 2020; Handa et al., 2023) as well as many
other domains-if the human designers can carefully construct reward functions that
accurately codify and provide learning signals for the desired behavior; likewise, many
real-world RL tasks admit sparse rewards that are difficult for learning, necessitating
reward shaping that provides incremental learning signals. Despite their fundamental
importance, reward functions are known to be notoriously difficult to design in
practice (Russell et al., 1995; Sutton et al., 2018); a recent survey conducted finds
92% of polled reinforcement learning researchers and practitioners report manual
trial-and-error reward design and 89% indicate that their designed rewards are
sub-optimal (Booth et al., 2023) and lead to unintended behavior (Hadfield-Menell
et al., 2017).

Given the paramount importance of reward design, we ask whether it is possible to
develop a universal reward programming algorithm using state-of-the-art coding
LLMs, such as GPT-4. Their remarkable abilities in code writing, zero-shot

https://proceedings.iclr.cc/paper_files/paper/2024/file/70c26937fbf3d4600b69a129031b66ec-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2024/file/70c26937fbf3d4600b69a129031b66ec-Paper-Conference.pdf
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Figure 5.1: Eureka generates human-level reward functions across diverse robots
and tasks. Combined with curriculum learning, Eureka for the first time, unlocks
rapid pen-spinning capabilities on an anthropomorphic five-finger hand.

generation, and in-context learning have previously enabled effective programmatic
agents (Shinn et al., 2023; Wang et al., 2023a). Ideally, this reward design algorithm
should achieve human-level reward generation capabilities that scale to a broad
spectrum of tasks, including dexterity, automate the tedious trial-and-error procedure
without human supervision, and yet be compatible with human oversight to assure
safety and alignment.

We introduce Evolution-driven Universal REward Kit for Agent (Eureka), a novel
reward design algorithm powered by coding LLMs with the following contributions:

1. Achieves human-level performance on reward design across a diverse suite of
29 open-sourced RL environments that include 10 distinct robot morphologies,
including quadruped, quadcopter, biped, manipulator, as well as several dexterous
hands; see Fig. 5.1. Without any task-specific prompting or reward templates,
Eureka autonomously generates rewards that outperform expert human rewards
on 83% of the tasks and realizes an average normalized improvement of 52%.

2. Solves dexterous manipulation tasks that were previously not feasible by
manual reward engineering. We consider pen spinning, in which a five-finger
hand needs to rapidly rotate a pen in pre-defined spinning configurations for
as many cycles as possible. Combining Eureka with curriculum learning, we
demonstrate for the first time rapid pen spinning maneuvers on a simulated
anthropomorphic Shadow Hand (see Figure 5.1 bottom).

3. Enables a new gradient-free in-context learning approach to reinforcement
learning from human feedback (RLHF) that can generate more performant
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Figure 5.2: Eureka takes unmodified environment source code and language task
description as context to zero-shot generate executable reward functions from a
coding LLM. Then, it iterates between reward sampling, GPU-accelerated reward
evaluation, and reward reflection to progressively improve its reward outputs.

and human-aligned reward functions based on various forms of human inputs
without model updating. We demonstrate that Eureka can readily benefit from
and improve upon existing human reward functions. Likewise, we showcase
Eureka’s capability in using purely textual feedback to generate progressively
more human-aligned reward functions.

Unlike prior work L2R on using LLMs to aid reward design (Yu et al., 2023b),
Eureka is completely free of task-specific prompts, reward templates, as well as
few-shot examples. In our experiments, Eureka significantly outperforms L2R due
to its ability to generate free-form, expressive reward programs. Eureka’s generality
is made possible through three key algorithmic design choices: environment as
context, evolutionary search, and reward reflection. First, by taking the environment
source code as context, Eureka can zero-shot generate executable reward functions
from the backbone coding LLM (GPT-4). Then, Eureka substantially improves
the quality of its rewards by performing evolutionary search, iteratively proposing
batches of reward candidates and refining the most promising ones within the
LLM context window. This in-context improvement is made effective via reward
reflection, a textual summary of the reward quality based on policy training statistics
that enables automated and targeted reward editing; see Fig. 5.3 for an example of
Eureka zero-shot reward as well as various improvements accumulated during its
optimization. To ensure that Eureka can scale up its reward search to maximum
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potential, Eureka evaluates intermediate rewards using GPU-accelerated distributed
reinforcement learning on IsaacGym (Makoviychuk et al., 2021), which offers up to
three orders of magnitude in policy learning speed, making Eureka an extensive
algorithm that scales naturally with more compute. See Fig. 5.2 for an overview. We
are committed to open-sourcing all prompts, environments, and generated reward
functions to promote further research on LLM-based reward design.

5.2 Related Work
Reward Design. Reward engineering is a long-standing challenge in reinforcement
learning (Singh et al., 2009; Sutton et al., 2018). The most common reward design
method is manual trial-and-error (Knox et al., 2023; Booth et al., 2023). Inverse
reinforcement learning (IRL) infers reward functions from demonstrations (Abbeel
et al., 2004; Ziebart et al., 2008; Ho et al., 2016), but it requires expensive expert
data collection, which may not be available, and outputs non-interpretable black-
box reward functions. Several prior works have studied automated reward search
through evolutionary algorithms (Niekum et al., 2010; Chiang et al., 2019; Faust
et al., 2019). These early attempts are limited to task-specific implementations of
evolutionary algorithms that search over only parameters within provided reward
templates. Recent works have also proposed using pretrained foundation models that
can produce reward functions for new tasks (Ma et al., 2022; Ma et al., 2023; Fan
et al., 2022; Du et al., 2023a; Karamcheti et al., 2023; Du et al., 2023b; Kwon et al.,
2023). Most of these approaches output scalar rewards that lack interpretability
and do not naturally admit the capability to improve or adapt rewards on-the-fly. In
contrast, Eureka adeptly generates free-form, white-box reward code and effectively
in-context improves.

Code Large Language Models for Decision Making. Recent works have considered
using coding LLMs (Austin et al., 2021; Chen et al., 2021c; Rozière et al., 2023)
to generate grounded and structured programmatic output for decision making and
robotics problems (Liang et al., 2023; Singh et al., 2023; Wang et al., 2023b; Huang
et al., 2023a; Wang et al., 2023a; Liu et al., 2023a; Silver et al., 2023; Ding et al.,
2023; Lin et al., 2023; Xie et al., 2023). However, most of these works rely on
known motion primitives to carry out robot actions and do not apply to robot tasks
that require low-level skill learning, such as dexterous manipulation. The closest to
our work is a recent work (Yu et al., 2023b) that also explores using LLMs to aid
reward design. Their approach, however, requires domain-specific task descriptions
and reward templates.
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5.3 Problem Setting and Definitions
The goal of reward design is to return a shaped reward function for a ground-truth
reward function that may be difficult to optimize directly (e.g., sparse rewards); this
ground-truth reward function may only be accessed via queries by the designer. We
first introduce the formal definition from Singh et al. (2009), which we then adapt to
the program synthesis setting, which we call reward generation.

Definition 5.3.1. (Reward Design Problem (Singh et al., 2009)) A reward design
problem (RDP) is a tuple P = ⟨M,R, πM , F ⟩, where M = (S,A, T ) is the world
model with state space S, action space A, and transition function T . R is the space
of reward functions; AM(·) : R → Π is a learning algorithm that outputs a policy
π : S → ∆(A) that optimizes reward R ∈ R in the resulting Markov Decision
Process (MDP), (M,R); F : Π → R is the fitness function that produces a scalar
evaluation of any policy, which may only be accessed via policy queries (i.e., evaluate
the policy using the ground truth reward function). In an RDP, the goal is to output a
reward function R ∈ R such that the policy π := AM(R) that optimizes R achieves
the highest fitness score F (π).

Reward Generation Problem. In our problem setting, every component within a
RDP is specified via code. Then, given a string l that specifies the task, the objective
of the reward generation problem is to output a reward function code R such that
F (AM(R)) is maximized.

5.4 Method
Eureka consists of three algorithmic components: 1) environment as context that
enables zero-shot generation of executable rewards, 2) evolutionary search that
iteratively proposes and refines reward candidates, and 3) reward reflection that
enables fine-grained reward improvement. See Alg. 1 for pseudocode.

Environment as Context
Reward design requires the environment specification to be provided to the LLM.
We propose directly feeding the raw environment source code (without the reward
code, if exists) as context. Given that any reward function is a function over the
environment’s state and action variables, the only requirement in the source code is
that it exposes these environment variables, which is easy to satisfy. In cases where
the source code is not available, relevant state information can also be supplied via
an API, for example. In practice, to ensure that the environment code fits within
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Algorithm 1: Eureka
1: Require: Task description l, environment code M ,

coding LLM LLM, fitness function F , initial prompt prompt
2: Hyperparameters: search iteration N , iteration batch size K
3: for N iterations do
4: // Sample K reward code from LLM
5: R1, ..., Rk ∼ LLM(l,M, prompt)
6: // Evaluate reward candidates
7: s1 = F (R1), ..., sK = F (RK)
8: // Reward reflection
9: prompt := prompt : Reflection(Rn

best, s
n
best),

where best = argmaxk s1, ..., sK
10: // Update Eureka reward
11: REureka, sEureka = (Rn

best, s
n
best), if snbest > sEureka

12: Output: REureka

the LLM’s context window and does not leak simulation internals (so that we can
expect the same prompt to generalize to new simulators), we have an automatic
script to extract just the environment code snippets that expose and fully specify the
environment state and action variables.

Given environment as context, Eureka instructs the coding LLM to directly re-
turn executable Python code with only generic reward design and formatting tips,
such as exposing individual components in the reward as a dictionary output (for
reasons that will be apparent in Sec. 5.4). Remarkably, with only these minimal
instructions, Eureka can already zero-shot generate plausibly-looking rewards in
diverse environments in its first attempts. An example Eureka output is shown in
Fig. 5.3. As seen, Eureka adeptly composes over existing observation variables
(e.g., fingertip_pos) in the provided environment code and produces a competent
reward code – all without any environment-specific prompt engineering or reward
templating. On the first try, however, the generated reward may not always be
executable, and even if it is, it can be quite sub-optimal with respect to the task
fitness metric F . While we can improve the prompt with task-specific formatting
and reward design hints, doing so does not scale to new tasks and hinders the overall
generality of our system. How can we effectively overcome the sub-optimality of
single-sample reward generation?

Evolutionary Search
In this section, we will demonstrate how evolutionary search presents a natural
solution that addresses the aforementioned execution error and sub-optimality
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Figure 5.3: Eureka can zero-shot generate executable rewards and then flexibly
improve them with many distinct types of free-form modification, such as (1) changing
the hyperparameter of existing reward components, (2) changing the functional form
of existing reward components, and (3) introducing new reward components.

challenges. In each iteration, Eureka samples several independent outputs from
the LLM (Line 5 in Alg. 1). Since the generations are i.i.d, the probability that all
reward functions from an iteration are buggy exponentially decreases as the number
of samples increases. We find that for all environments we consider, sampling just a
modest number of samples (16) contains at least one executable reward code in the
first iteration.

Given executable reward functions from an earlier iteration, Eureka performs
in-context reward mutation, proposing new improved reward functions from the
best one in the previous iteration. Concretely, a new Eureka iteration will take the
best-performing reward from the previous iteration, its reward reflection (Sec. 5.4),
and the mutation prompt as context and generate K more i.i.d reward outputs from
the LLM; several illustrative reward modifications are visualized in Fig. 5.3. This
iterative optimization continues until a specified number of iterations has been
reached. Finally, we perform multiple random restarts to find better maxima; this is
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a standard strategy in global optimization. In all our experiments, Eureka conducts
5 independent runs per environment, and for each run, searches for 5 iterations with
K = 16 samples per iteration.

Reward Reflection
In order to ground the in-context reward mutation, we must be able to put into words
the quality of the generated rewards. We propose reward reflection, an automated
feedback that summarizes the policy training dynamics in texts. Specifically, given
that Eureka reward functions are asked to expose their individual components
in the reward program (e.g., reward_components in Fig. 5.3), reward reflection
tracks the scalar values of all reward components and the task fitness function at
intermediate policy checkpoints throughout training. For instance, consider the
illustrative example in Fig. 5.2, where the snapshot values of av_penalty are
provided as a list in the reward feedback.

This reward reflection procedure, though simple to construct, is important due to two
reasons: (1) the lack of fine-grained reward improvement signal in the task fitness
function, and (2) the algorithm-dependent nature of reward optimization (Booth et al.,
2023). First, as we can query the task fitness function F on the resulting policies,
a simple strategy is to just provide this numerical score as the reward evaluation.
While serving as the holistic ground-truth metric, the task fitness function itself
lacks in credit assignment, providing no useful information on why a reward function
works or not. Second, whether a reward function is effective is influenced by the
particular choice of RL algorithm, and the same reward may perform very differently
even under the same optimizer given hyperparameter differences (Henderson et al.,
2018; Agarwal et al., 2021). By providing detailed accounts on how well the
RL algorithm optimizes individual reward components, reward reflection enables
Eureka to produce more intricate and targeted reward editing.

5.5 Experiments
We thoroughly evaluate Eureka on a diverse suite of robot embodiments and tasks,
testing its ability to generate reward functions, solve new tasks, and incorporate
various forms of human input. We use GPT-4 (OpenAI, 2023), in particular
the gpt-4-0314 variant, as the backbone LLM for all LLM-based reward-design
algorithms unless specified otherwise.

Environments. Our environments consist of 10 distinct robots and 29 tasks
implemented using the IsaacGym simulator (Makoviychuk et al., 2021). First, we
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Figure 5.4: Eureka outperforms Human and L2R across all tasks. In particular,
Eureka realizes much greater gains on high-dimensional dexterity environments.

include 9 original environments from IsaacGym (Isaac), covering a diverse set of
robot morphologies from quadruped, bipedal, quadrotor, cobot arm, to dexterous
hands. In addition to coverage over robot form factors, we ensure depth in our
evaluation by including all 20 tasks from the Bidexterous Manipulation (Dexterity)
benchmark (Chen et al., 2022c). Dexterity contains 20 complex bi-manual tasks
that require a pair of Shadow Hands to solve a wide range of complex manipulation
skills, ranging from object handover to rotating a cup by 180 degrees. For the
task description input to Eureka, we use the official description provided in the
environment repository when possible. It is worth noting that both benchmarks are
publicly released concurrently, or after the GPT-4 knowledge cut-off date (September
2021), so GPT-4 is unlikely to have accumulated extensive internet knowledge about
these tasks, making them ideal testbeds for assessing Eureka’s reward generation
capability compared to measurable human-engineered reward functions.

Baselines
L2R (Yu et al., 2023b) proposes a two-stage LLM-prompting solution to generate
templated rewards. For an environment and task specified in natural language, a first
LLM is asked to fill in a natural language template describing the agent’s motion;
then, a second LLM is asked to convert this “motion description” into code that
calls a manually defined set of reward API primitives to write a reward program that
sets their parameters. To make L2R competitive for our tasks, we define the motion
description template to mimic the original L2R templates, and we construct the API
reward primitives using the individual components of the original human rewards
when possible. Note that this gives L2R an advantage as it has access to the original
reward functions. Consistent with Eureka, we conduct 5 independent L2R runs per
environment, and for each run, we generate 16 reward samples.

Human. These are the original shaped reward functions used in our benchmark
tasks. Designed by active reinforcement learning researchers, they reflect expert-level
human reward engineering.
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Sparse. These are identical to the fitness functions F that we use to evaluate the
quality of the generated rewards. Like Human, these are also provided by the
benchmark. On the dexterity tasks, they are uniformly binary indicator functions
that measure task success; on Isaac tasks, they vary in functional forms depending
on the nature of the task.

Training Details
Policy Learning. For each task, all final reward functions are optimized using the
same RL algorithm with the same set of hyperparameters. Isaac and Dexterity share
a well-tuned PPO implementation (Schulman et al., 2017; Makoviichuk et al., 2021),
and we use this implementation and the task-specific PPO hyperparameters without
any modification. Note that these task hyperparameters are tuned to make the official
human-engineered rewards work well. For each final reward function obtained from
each method, we run 5 independent PPO training runs and report the average of the
maximum task metric values achieved from 10 policy checkpoints sampled at fixed
intervals. In particular, the maximum is taken over the same number of checkpoints
for each approach.

Reward Evaluation Metrics. For Isaac tasks, since the task metric F for each task
varies in semantic meaning and scale, we report the human normalized score for
Eureka and L2R, Method−Sparse|Human−Sparse| . This metric provides a holistic measure of how
Eureka rewards fare against human-expert rewards with respect to the ground-truth
task metric. For Dexterity, since all tasks are evaluated using the binary success
function, we directly report success rates.

Results
Eureka outperforms human rewards. In Figure 5.4, we report the aggregate
results on Dexterity and Isaac. Notably, Eureka exceeds or performs on par to human
level on all Isaac tasks and 15 out of 20 tasks on Dexterity. In contrast, L2R, while
comparable on low-dimensional tasks (e.g., CartPole, BallBalance), lags significantly
behind on high-dimensional tasks. Despite being provided access to some of the
same reward components as Human, L2R still underperforms Eureka after its initial
iteration, when both methods have had the same number of reward queries. As
expected, L2R’s lack of expressivity severely limits its performance. In contrast,
Eureka generates free-form rewards from scratch without any domain-specific
knowledge and performs substantially better. Furthermore, we ablate GPT-4 with
GPT-3.5 and find Eureka degrades in performance but still matches or exceeds
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Figure 5.5: Eureka progressively produces better rewards via in-context evolutionary
reward search.

human-level on most Isaac tasks, indicating that its general principles can be readily
applied to coding LLMs of varying qualities.

Eureka consistently improves over time. In Fig. 5.5, we visualize the average
performance of the cumulative best Eureka rewards after each evolution iteration.
Moreover, we study an ablation, Eureka w.o. Evolution (32 Samples), which
performs only the initial reward generation step, sampling the same number of
reward functions as two iterations in the original Eureka. This ablation helps study,
given a fixed number of reward function budget, whether it is more advantageous to
perform the Eureka evolution or simply sample more first-attempt rewards without
iterative improvement. As seen, on both benchmarks, Eureka rewards steadily
improve and eventually surpass human rewards in performance despite sub-par initial
performances. This consistent improvement also cannot be replaced by just sampling
more in the first iteration as the ablation’s performances are lower than Eureka after
2 iterations on both benchmarks. Together, these results demonstrate that Eureka’s
novel evolutionary optimization is indispensable for its final performance.

Eureka generates novel rewards. We assess the novelty of Eureka rewards by
computing the correlations between Eureka and human rewards on all the Isaac
tasks. Then, we plot the correlations against the human normalized scores on a
scatter-plot in Figure 5.6, where each point represents a single Eureka reward
on a single task. As shown, Eureka mostly generates weakly correlated reward
functions that outperform the human ones. In addition, by examining the average
correlation by task, we observe that the harder the task is, the less correlated the
Eureka rewards. We hypothesize that human rewards are less likely to be near
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Figure 5.6: Eureka generates novel rewards.

optimal for difficult tasks, leaving more room for Eureka rewards to be different and
better. In a few cases, Eureka rewards are even negatively correlated with human
rewards but perform significantly better, demonstrating that Eureka can discover
novel reward design principles that may run counter to human intuition.

Reward reflection enables targeted improvement. To assess the importance of
constructing reward reflection in the reward feedback, we evaluate an ablation,
Eureka (No Reward Reflection), which reduces the reward feedback prompt to
include only snapshot values of the task metric F . Averaged over all Isaac tasks,
Eureka without reward reflection reduces the average normalized score by 28.6%.

Eureka with curriculum learning enables dexterous pen spinning. Finally,
we investigate whether Eureka can be used to solve a truly novel and challenging
dexterous task. To this end, we propose pen spinning as a test bed. This task is highly
dynamic and requires a Shadow Hand to continuously rotate a pen to achieve some
pre-defined spinning patterns for as many cycles as possible; we implement this task
on top of the original Shadow Hand environment in Isaac Gym without changes
to any physics parameter, ensuring physical realism. We consider a curriculum
learning (Bengio et al., 2009) approach to break down the task into manageable
components that can be independently solved by Eureka. Specifically, we first use
Eureka to generate a reward for the task of re-orienting the pen to random target
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Figure 5.7: Eureka can be flexibly combined with curriculum learning to acquire
complex dexterous skills.

configurations and train a policy using the final Eureka reward. Then, using this
pre-trained policy (Pre-Trained), we fine-tune it using the same Eureka reward to
reach the sequence of pen-spinning configurations (Fine-Tuned). To demonstrate
the importance of curriculum learning, we also directly train a policy from scratch
on the target task using Eureka reward without the first-stage pre-training (Scratch).
The RL training curves are shown in Figure 5.7. Eureka fine-tuning quickly adapts
the policy to successfully spin the pen for many cycles in a row; see project website
for videos. In contrast, neither pre-trained or learning-from-scratch policies can
complete even a single cycle of pen spinning. In addition, using this Eureka
fine-tuning approach, we have also trained pen spinning policies for a variety of
different spinning configurations. These results demonstrate Eureka’s applicability
to advanced policy learning approaches, which are often necessary for learning very
complex skills

Eureka From Human Feedback
In addition to automated reward design, Eureka enables a new gradient-free in-
context learning approach to RL from Human Feedback (RLHF) that can readily
incorporate various types of human inputs to generate more performant and human-
aligned reward functions.

Eureka can improve and benefit from human reward functions. We study
whether starting with a human reward function initialization, a common scenario in
real-world RL applications, is advantageous for Eureka. Importantly, incorporating
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Figure 5.8: Eureka effectively improves and benefits from human reward initialization.

human initialization requires no modification to Eureka – we can simply substitute
the raw human reward function as the output of the first Eureka iteration. To
investigate this, we select several tasks from Dexterity that differ in the relative
performances between the original Eureka and human rewards. The full results are
shown in Figure 5.8.

As shown, regardless of the quality of the human rewards, Eureka improves and
benefits from human rewards as Eureka (Human Init.) is uniformly better than
both Eureka and Human on all tasks. This suggests that Eureka’s in-context reward
improvement capability is largely independent of the quality of the base reward.
Furthermore, the fact that Eureka can significantly improve over human rewards
even when they are highly sub-optimal hints towards an interesting hypothesis:
human designers are generally knowledgeable about relevant state variables but
are less proficient at designing rewards using them. This makes intuitive sense as
identifying relevant state variables that should be included in the reward function
involves mostly common sense reasoning, but reward design requires specialized
knowledge and experience in RL. Together, these results demonstrate Eureka’s
reward assistant capability, perfectly complementing human designers’ knowledge
about useful state variables and making up for their less proficiency on how to design
rewards using them.

Reward reflection via human feedback induces aligned behavior. So far, all
Eureka rewards are optimized against a fixed, black-box task fitness function F .
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Method Forward Velocity Human Preference

Eureka 7.53 5/20
Eureka-HF 5.58 15/20

Figure 5.9: Eureka can incorporate human reward reflection to modify rewards that
induce safer and more human-aligned behavior.

This task metric, however, may not fully align with human intent. Moreover, in
many open-ended tasks, F may not be available in the first place (Fan et al., 2022).
In these challenging scenarios, we propose to augment Eureka by having humans
step in and put into words the reward reflection in terms of the desired behavior
and correction. We investigate this capability in Eureka by teaching a Humanoid
agent how to run purely from textual reward reflection. Then, we conduct a user
study asking 20 unfamiliar users to indicate their preferences between two policy
rollout videos shown in random order, one trained with human reward reflection
(Eureka-HF) and the other one trained with the original best Eureka reward. As
shown in Fig. 5.9, despite running a bit slower, the Eureka-HF agent is preferred
by a large majority of our users. Qualitative, we indeed see that the Eureka-HF
agent acquires safer and more stable gait, as instructed by the human. See the project
website for a comparison.

5.6 Conclusion
We have presented Eureka, a universal reward design algorithm powered by
coding large language models and in-context evolutionary search. Without any
task-specific prompt engineering or human intervention, Eureka achieves human-
level reward generation on a wide range of robots and tasks. Eureka’s particular
strength in learning dexterity solves dexterous pen spinning for the first time with a
curriculum learning approach. Finally, Eureka enables a gradient-free approach to
reinforcement learning from human feedback that readily incorporates human reward
initialization and textual feedback to better steer its reward generation. The versatility
and substantial performance gains of Eureka suggest that the simple principle of
combining large language models with evolutionary algorithms are a general and
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scalable approach to reward design, an insight that may be generally applicable to
difficult, open-ended search problems.



72

C h a p t e r 6

VISION LANGUAGE ACTION MODELS FOR ROBOT
MANIPULATION IN SIMULATION

This chapter is based on the paper:

Jiang, Yunfan, Agrim Gupta∗, Zichen Zhang∗, Guanzhi Wang∗, Yongqiang Dou,
Yanjun Chen, Li Fei-Fei, Anima Anandkumar, Yuke Zhu, and Linxi Fan (July
2023). VIMA: Robot Manipulation With Multimodal Prompts. In: Proceedings of
the 40th International Conference on Machine Learning. Ed. by Andreas Krause,
Emma Brunskill, Kyunghyun Cho, Barbara Engelhardt, Sivan Sabato, and Jonathan
Scarlett. Vol. 202. Proceedings of Machine Learning Research. PMLR, pp. 14975–
15022. url: https://proceedings.mlr.press/v202/jiang23b.html.

6.1 Introduction
Transformers have given rise to remarkable multi-task consolidation across many AI
domains. For example, users can describe a task using natural language prompt to
GPT-3 (Brown et al., 2020), allowing the same model to perform question answering,
machine translation, text summarization, etc. Prompt-based learning provides an
accessible and flexible interface to communicate a natural language understanding
task to a general-purpose model.

We envision that a generalist robot agent should have a similarly intuitive and
expressive interface for task specification. What does such an interface for robot
learning look like? As a motivating example, consider a personal robot tasked with
household activities. We can ask the robot to bring us a cup of water by a simple
natural language instruction. If we require more specificity, we can instead instruct
the robot to “bring me <image of the cup>.” For tasks requiring new skills, the
robot should be able to adapt preferably from a few video demonstrations (Duan et al.,
2017). Tasks that need interaction with unfamiliar objects can be easily explained via
a few image examples for novel concept grounding (Hermann et al., 2017). Finally,
to ensure safe deployment, we can further specify visual constraints like “do not
enter <image> room.”

To enable a single agent with all these capabilities, we make three key contributions
in this work: 1) a novel multimodal prompting formulation that converts a wide
spectrum of robot manipulation tasks into one sequence modeling problem; 2) a new

https://proceedings.mlr.press/v202/jiang23b.html


73

robot agent model capable of multi-tasking and zero-shot generalization; and 3) a
large-scale benchmark with diverse tasks to systematically evaluate the scalability
and generalization of our agents.

We start with the observation that many robot manipulation tasks can be formulated
by multimodal prompts that interleave language and images or video frames.
For example, Rearrangement (Batra et al., 2020), a type of Visual Goal, can be
formulated as “Please rearrange objects to match this {scene_image}"; Novel
Concept Grounding looks like “This is a dax {new_object}1 and this is a blicket
{new_object}2. Put two metal dax on the marble blicket."; Few-shot Imitation can
embed video snippet in the prompt “Follow this motion trajectory for the wooden cube:
{frame1}, {frame2}, {frame3}, {frame4}”; and expressing Visual Constraint is
as simple as adding the clause “without touching {safety_boundary}.”

Multimodal prompts not only have more expressive power than individual modalities,
but also enable a uniform sequence IO interface for training generalist robot agents.
Previously, different robot manipulation tasks require distinct policy architectures,
objective functions, data pipelines, and training procedures (Aceituno et al., 2021;
Stengel-Eskin et al., 2022; Lynch et al., 2021), leading to siloed robot systems that
cannot be easily combined for a rich set of use cases. Instead, our multimodal prompt
interface allows us to harness the latest advances in large transformer models (Lin
et al., 2021a; Tay et al., 2020; Khan et al., 2021) for developing scalable multi-task
robot learners.

To this end, we design a novel VisuoMotor Attention model (VIMA, reads “v-eye-
ma"). The architecture follows the encoder-decoder transformer design proven to be
effective and scalable in NLP (Raffel et al., 2020). VIMA encodes an input sequence
of interleaving textual and visual prompt tokens with a pretrained language model
(Tsimpoukelli et al., 2021), and decodes robot control actions autoregressively for
each environment interaction step. The transformer decoder is conditioned on the
prompt via cross-attention layers that alternate with the usual causal self-attention.
Instead of operating on raw pixels, VIMA adopts an object-centric approach. We
parse all images in the prompt or observation into objects by off-the-shelf detectors
(He et al., 2017), and flatten them into sequences of object tokens. All these design
choices combined deliver a conceptually simple architecture with strong model and
data scaling properties.

To systematically evaluate our proposed algorithm, we introduce a new benchmark
(VIMA-Bench) built on the Ravens simulator (Zeng et al., 2020; Shridhar et al.,
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Rearrange objects to match this scene:

Follow this motion for

This is a blicket This is a wug Put a wug into a blicket

Sweep all into without exceeding

One-shot Demonstration

Visual Goal: Rearrangement

Visual Constraint

Novel Concept Grounding

VIMA

Text token

Object token

Padding

:

Figure 6.1: Multimodal prompts for task specification. We observe that many robot
manipulation tasks can be expressed as multimodal prompts that interleave language
and image/video frames. We propose VIMA, an embodied agent model capable of
processing mulitimodal prompts (left) and controlling a robot arm to solve the task
(right).

2021). We provide 17 representative meta-tasks with multimodal prompt templates,
which can be procedurally instantiated into thousands of individual tasks by various
combinations of textures and tabletop objects. VIMA-Bench establishes a 4-
level protocol to evaluate progressively stronger generalization capabilities, from
randomized object placement to novel tasks altogether (Fig. 6.2). To demonstrate
the scalability of VIMA, we train a spectrum of 7 models ranging from 2M to
200M parameters. Our approach outperforms strong prior SOTA methods such
as Gato (Reed et al., 2022), Decision Transformer (Chen et al., 2021b), and
Flamingo (Alayrac et al., 2022) across all 4 levels of zero-shot generalization and all
model capacities, sometimes by a large margin (up to 2.9× task success rate given
the same amount of training data, and 2.7× better even with 10× less data). We
open-source the simulation suite, training dataset, algorithm implementation, and
pretrained model checkpoints to ensure reproducibility and facilitate future works
from the community.

6.2 Related Work
Multi-task Learning by Sequence Modeling. Transformers have enabled task
unification across many AI domains (Raffel et al., 2020; Radford et al., 2019; Brown
et al., 2020; Chen et al., 2022a; Chen et al., 2022b; Lu et al., 2022; Wang et al., 2022b;
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Alayrac et al., 2022; Reed et al., 2022). For example, in NLP, T5 (Raffel et al., 2020)
unifies all language problems into the same text-to-text format. GPT-3 (Brown et al.,
2020), PaLM (Chowdhery et al., 2022), and Megatron-Turing NLG (Shoeybi et al.,
2019) demonstrate emergent behaviours of intuitive task specifications by zero-shot
prompting without any finetuning. In computer vision, Florence (Yuan et al., 2021),
BiT (Kolesnikov et al., 2020), and MuST (Ghiasi et al., 2021) pre-train a shared
backbone model at scale for general visual representations and transfer it across
downstream vision tasks. Pix2Seq (Chen et al., 2022b) casts many vision problems
into a unified sequence format. In multimodal learning, Flamingo (Alayrac et al.,
2022), Frozen (Tsimpoukelli et al., 2021), and VL-T5 (Cho et al., 2021) design a
universal API that ingests an interleaving sequence of images and text and generates
free-form text. Gato (Reed et al., 2022) and HighMMT (Liang et al., 2022) are
massively multi-task models across NLP, vision, and embodied agents. Our work
is most similar in spirit to Gato, but we focus primarily on enabling an intuitive,
multimodal prompting interface for a generalist robot agent.

Foundation Models for Embodied Agents. Foundation models (Bommasani et al.,
2021; Brown et al., 2020; Raffel et al., 2020; Ramesh et al., 2022; Wei et al., 2022a)
have demonstrated strong emergent properties like zero-shot prompting and complex
reasoning. There are many ongoing efforts to replicate this success for embodied
agents, focusing on 3 aspects: 1) Transformer agent architecture: Decision Trans-
former (Chen et al., 2021b; Janner et al., 2021; Zheng et al., 2022; Xu et al., 2022)
and Gato (Reed et al., 2022) leverage the powerful self-attention models for sequential
decision making. CLIPort (Shridhar et al., 2021) and Perceiver-Actor (Shridhar et al.,
2022) apply large transformers to robot manipulation tasks. Less is More (Wang et al.,
2021) generates navigation instructions from a mixture of visual landmarks and text.
2) Pre-training for better representations: MVP (Xiao et al., 2022), R3M (Nair
et al., 2022), and Parisi et al. (2022) pre-train general visual representations for robotic
perception. Li et al. (2022a) and Reid et al. (2022) finetune from LLM checkpoints to
accelerate policy learning. MineDojo (Fan et al., 2022) and Ego4D (Grauman et al.,
2022) provide large-scale multimodal databases to facilitate scalable policy training.
3) Large language models for robot learning: SayCan (Ahn et al., 2022) leverages
the 500B PaLM (Chowdhery et al., 2022) for zero-shot concept grounding. Socratic
Models (Zeng et al., 2022) composes multiple vision and language foundation models
(VLMs) for multimodal reasoning in videos. Huang et al. (2022a), Inner Mono-
logue (Huang et al., 2022b) and LM-Nav (Shah et al., 2022) successfully apply LLMs
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Object Placement

Level 2

Novel Combination

Level 3

Novel Object

Level 4

Novel Task
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texture as                  into it
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Figure 6.2: Evaluation protocol in VIMA-Bench. We design 4 levels of evaluation
settings to measure the zero-shot generalization capability of an agent systematically.
Each level deviates more from the training distribution, and thus is strictly more
challenging than the previous level.

to long-horizon robot planning. VIMA differs from these works in our novel multi-
modal prompting formulation, which existing LLMs and VLMs do not easily support.

Robot Manipulation and Benchmarks. There are a wide range of robot ma-
nipulation tasks that require different skills and task specification formats, such as
instruction following (Stepputtis et al., 2020; Shridhar et al., 2021; Lynch et al.,
2021), one-shot imitation (Finn et al., 2017; Dasari et al., 2020; Duan et al., 2017),
rearrangement (Batra et al., 2020; Weihs et al., 2021; Szot et al., 2021), constraint
satisfaction (Brunke et al., 2021; Srinivasan et al., 2020; Thananjeyan et al., 2021),
and reasoning (Shridhar et al., 2020; Gupta et al., 2019; Ahmed et al., 2021; Toyer
et al., 2020; Lim et al., 2021). Multiple physics simulation benchmarks are introduced
to study the above tasks. For example, iGibson (Shen et al., 2020; Li et al., 2021;
Srivastava et al., 2021) simulates interactive household scenarios. Ravens (Zeng et al.,
2020) and Robosuite (Zhu et al., 2020c; Fan et al., 2021) design various tabletop
manipulation tasks with realistic robot arms. Our VIMA-Bench is the first robot
learning benchmark to support multimodal-prompted tasks. We also standardize the
evaluation protocol to systematically measure an agent’s generalization capabilities.

6.3 Multimodal Prompts for Task Specification
A central and open problem in robot learning is task specification (Agrawal, 2022).
Our key insight is that various task specification paradigms (such as goal conditioning,
video demonstration, natural language instruction) can all be instantiated as multi-
modal prompts (Fig. 6.1). Concretely, a multimodal promptP of length l is defined as
an ordered sequence of arbitrarily interleaved texts and images P :=

[
x0, x1, . . . , xl

]
,

where each element xi ∈ {text, image}.
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Task Suite. The flexibility afforded by multimodal prompts allows us to specify
and build models for a huge variety of task specification formats. Here we consider
the following six task categories:

1. Simple object manipulation: simple tasks like “put<object> into<container>,”
where each image in the prompt corresponds to a single object;

2. Visual goal reaching: manipulating objects to reach a goal configuration, e.g.,
Rearrangement (Batra et al., 2020);

3. Novel concept grounding: the prompt contains unfamiliar words like “dax”
and “blicket,” which are explained by in-prompt images and then immediately
used in an instruction. This tests the agent’s ability to rapidly internalize new
concepts;

4. One-shot video imitation: watching a video demonstration and learning to
reproduce the same motion trajectory for a particular object;

5. Visual constraint satisfaction: the robot must manipulate the objects carefully
and avoid violating the (safety) constraints;

6. Visual reasoning: tasks that require reasoning skills, such as appearance
matching “move all objects with same textures as <object> into a container,”
and visual memory, “put <object> in container and then restore to their
original position.”

Note that these six categories are not mutually exclusive. For example, a task may
introduce a previously unseen verb (Novel Concept) by showing a video demonstration,
or combine goal reaching with visual reasoning.

6.4 Vima-Bench: Benchmark for Multimodal Robot Learning
Simulation Environment. Existing benchmarks are generally geared toward a
particular task specification. To our knowledge, there is no benchmark that provides
a rich suite of multimodal tasks and a comprehensive testbed for targeted probing of
agent capabilities. To this end, we introduce a new benchmark suite for multimodal
robot learning that we call VIMA-Bench. We built our benchmark by extending
the Ravens robot simulator (Zeng et al., 2020; Shridhar et al., 2021). VIMA-Bench
supports extensible collections of objects and textures to compose multimodal
prompts and procedurally generate a large number of tasks. Specifically, we provide
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17meta-tasks with multimodal prompt templates, which can be instantiated into 1000s
of individual tasks. Each meta-task belongs to one or more of 6 task specification
methods mentioned above. VIMA-Bench can generate large quantities of imitation
learning data via scripted oracle agents.

Observation and Actions. The observation space of our simulator includes RGB
images rendered from both frontal view and top-down view. Groundtruth object
segmentations and bounding boxes are also provided for training object-centric
models (Sec. 6.5). We inherit the high-level action space from Zeng et al. (2020),
which consists of primitive motor skills like “pick and place” and “wipe.” These are
parameterized by poses of the end effector. Our simulator also features scripted oracle
programs that can generate expert demonstrations by using privileged simulator
state information, such as the precise location of all objects, and the groundtruth
interpretation of the multimodal instruction.

Training Dataset. We leverage the pre-programmed oracles to generate a large
offline dataset of expert trajectories for imitation learning. Our dataset includes 50K
trajectories per meta-task, and 650K successful trajectories in total. We hold out a
subset of object geometries and textures for evaluation, and designate 4 out of 17
meta-tasks as a testbed for zero-shot generalization.

Evaluating Zero-Shot Generalization. Each task in VIMA-Bench has a binary
success criterion and does not provide partial reward signals. During test time, we
execute the agent policies in the physics simulator for multiple episodes to compute
a success rate in percentage. The average success rate over all evaluated meta-tasks
will be the final reported metric.

We design a 4-level evaluation protocol (Fig. 6.2) to systematically probe the
generalization capabilities of learned agents. Each level deviates more from the
training distribution, and is thus strictly harder than the previous one:

1. Placement generalization: all prompts are seen verbatim during training, but
only the placement of objects on the tabletop is randomized at testing.

2. Combinatorial generalization: all materials (adjectives) and 3D objects
(nouns) are seen during training, but new combinations of them appear in
testing.

3. Novel object generalization: test prompts and the simulated workspace
include novel adjectives and objects.
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Figure 6.3: VIMA. We encode the multimodal prompts with a pre-trained T5 model,
and condition the robot controller on the prompt through cross-attention layers.
The controller is a causal transformer decoder consisting of alternating self and
cross attention layers that predicts motor commands conditioned on prompts and
interaction history.

4. Novel task generalization: new meta-tasks with novel prompt templates at
test time.

6.5 VIMA: Visuomotor Attention Model
Our goal is to build a robot agent which can perform any task specified by multimodal
prompts. To learn an effective multi-task robot policy, we propose VIMA, a mini-
malistic multi-task encoder-decoder architecture with object-centric design (Fig. 6.3).
Concretely, we learn a robot policy π(at|P ,H), where H :=

[
o1, a1, o2, a2, . . . , ot

]
denotes the past interaction history, and ot ∈ O, at ∈ A are observations and actions
at each interaction step. We encode the prompt via a frozen pre-trained langauge
model and decode the robot motor commands conditioned on the encoded prompt
via cross-attention layers.

Tokenization. There are 3 formats of raw input in the prompt — text, image of
a single object, and image of a full tabletop scene (e.g., for Rearrangement or
imitation from video frames). For text inputs, we use pre-trained T5 tokenizer and
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word embedding to obtain word tokens. For images of full scenes, we first extract
individual objects using off-the-shelf Mask R-CNN (He et al., 2017). Each object
is represented as a bounding box and a cropped image. We then compute object
tokens by encoding them with a bounding box encoder and a ViT, respectively. For
images of single objects, we obtain tokens in the same way except with a dummy
bounding box. We then follow Tsimpoukelli et al. (2021) to produce prompt encoding
by passing the resulted token sequence to a pre-trained T5 encoder model. Our
positional embedding is learnable and absolute.

Robot Controller. A challenging aspect of designing multi-modal multi-task policy
is to select a suitable conditioning mechanism. In our schema (Fig. 6.3), the
robot controller (decoder) is conditioned on the prompt sequence P by a series
of cross-attention layers between P and the trajectory history sequence H. Each
cross-attention layer generates an output sequence H′ = softmax

(
QHK⊺

P√
d

)
VP , where

d is the embedding dimension. This design choice enjoys three advantages, including
1) strengthened connection to prompt, 2) intact and deep flow of the original
prompt tokens, and 3) better computational efficiency. VIMA decoder consists of
L alternating cross-attention and self-attention layers. Finally, for ease of learning
and optimization, we follow common practice (Baker et al., 2022) to map predicted
action tokens to discretized poses of the robot arm.

Training. We follow the standard behavioral cloning to train our models by
minimizing the negative log-likelihood of predicted actions. Concretely, for a
trajectory with T steps, we minimize minθ

∑T
t=1 − log πθ(at|P ,H). The entire

training is conducted on an offline dataset with no access to the physics simulator.
To make VIMA robust to detection inaccuracies and failures, we apply object
augmentation by randomly injecting false-positive detection outputs. After training,
we select model checkpoints for evaluation based on the aggregated accuracy on a
held-out validation set. The evaluation involves interacting with the physics simulator.
We follow the best practices to train Transformer models using the AdamW optimizer
(Loshchilov et al., 2019), learning rate warm-up, cosine annealing (Loshchilov et al.,
2016), etc.

6.6 Experiments
In this section, we aim to answer three main questions:

1. How does VIMA compare with prior SOTA transformer-based agents on a
diverse collection of multimodal-prompted tasks?
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Figure 6.4: Scaling model and data. Top: We compare performance of different
methods with model sizes ranging from 2M to 200M parameters. Across all model
sizes and generalization levels VIMA outperforms prior works. Bottom: For a fixed
model size of 92M parameters we compare the effect of imitation learning dataset
size of 0.1%, 1%, 10%, and full imitation data. VIMA is extremely sample efficient
and can achieve performance comparable to other methods with 10× less data.

2. What are the scaling properties of our approach in model capacity and data
size?

3. How do different visual tokenizers, prompt conditioning, and prompt encoding
affect decision making?

Baselines
Gato (Reed et al., 2022) introduces a decoder-only model that solves tasks from
multiple domains where tasks are specified by prompting the model with the
observation and action subsequence. For fair comparison, we provide the same
conditioning as VIMA, i.e., our multimodal embedded prompt. Input images are
divided into patches and encoded by a ViT (Dosovitskiy et al., 2021) model to
produce observation tokens.

Flamingo (Alayrac et al., 2022) is a vision-language model that learns to generate
textual completion in response to multimodal prompts. It embeds a variable number
of prompt images into a fixed number of tokens via the Perceiver Resampler module,
and conditions the language decoder on the encoded prompt by cross-attention.
Flamingo does not work with embodied agents out of the box. We adapt it to support
decision-masking by replacing the output layer with robot action heads.
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Figure 6.5: Ablation on visual tokenizers. We compare the performance of VIMA-
200M model across different visual tokenizers. Our proposed object tokens out-
perform all methods that learn directly from raw pixels, and Object Perceiver that
downsamples the object sequence to a fixed number of tokens.

Decision Transformer (DT) (Chen et al., 2021b; Janner et al., 2021) is among
the first works to reinterpret the RL problem as transformer sequence modeling. In
visual RL domains like Atari games, DT is prompted on the desired reward value
and outputs actions autoregressively given the RGB observation embedding. We
replace DT’s initial reward prompt with our multimodal task prompt embeddings,
and remove all subsequent reward tokens.

Evaluation Results
We compare VIMA against other SOTA methods on the four levels of generalization
provided in our benchmark for different model and training dataset sizes.

Model scaling. We train all methods for a spectrum of model capacities from 2M to
200M parameters, evenly spaced on the log scale. The encoder size is kept constant
(pretrained T5-Base) for all methods and excluded from the parameter count. Across
all levels of zero-shot generalization, we find that VIMA strongly outperforms prior
work. Although models like Gato and Flamingo show improved performance with
bigger model sizes, VIMA consistently achieves superior performance over all model
sizes. We note that this can only be achieved with both cross-attention and object token
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sequence representation — altering any component will degrade the performance
significantly, especially in the low model capacity regime (ablations in Sec. 6.6).

Data scaling. Next we investigate how different methods scale with varying dataset
sizes. We compare model performance at 0.1%, 1%, 10% and full imitation learning
dataset provided in VIMA-Bench (Fig. 6.4). VIMA is extremely sample efficient
and with just 1% of the data can achieve performance similar to baseline methods
trained with 10× more data for L1 and L2 levels of generalization. In fact, for L4
we find that with just 1% of training data, VIMA already outperforms prior work
trained with entire dataset. Finally, across all levels with just 10% of the data, VIMA
can outperform prior work trained with the full dataset by a significant margin.
We hypothesize that the data efficiency can be attributed to VIMA’s object-centric
representation, which is less prone to overfitting than learning directly from pixels in
the low-data regime. This is consistent with findings from Sax et al. (2018), which
demonstrates that embodied agents conditioned on mid-level visual representations
tend to be significantly more sample-efficient than end-to-end control from raw pixels.

Progressive Generalization. Finally, we compare the relative degradation in perfor-
mance as we test the models on progressively challenging zero-shot evaluation levels
without further finetuning (Fig. 6.6). Our method exhibits a minimal performance
regression, especially between L1 → L2 and L1 → L3. In contrast, other methods
can degrade as much as 20%, particularly in the more difficult generalization testing
scenarios. Although all methods degrade significantly when evaluated on L4 (Novel
Tasks), the drop in performance for VIMA is only half as severe as all other baselines.
This results suggest that VIMA has developed more generalizable policy and robust
representations than the competing approaches.

Ablation Studies
Through extensive experiments, we ablate different design choices in VIMA and
study their impact on robot decision making. We focus on the following 3 aspects:
visual tokenization, prompt encoding, and prompt conditioning variants.

Visual tokenization. As explained in Sec. 6.5, VIMA processes the prompt and
observation images into a variable number of object tokens with an off-the-shelf
Mask R-CNN implementation. How important is this particular choice of visual
tokenizer? We study 5 different variants and empirically evaluate their 4 levels of
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Figure 6.6: VIMA incurs much less performance drop than baselines as we evaluate
on progressively harder zero-shot generalization.

generalization performance on VIMA-Bench. (1) Ours (Oracle): instead of using
Mask R-CNN, we directly read out the groundtruth bounding box from the simulator.
In other words, we use a perfect object detector to estimate the upper bound on
the performance of this study; (2) Object Perceiver: we apply a Perceiver module
(Jaegle et al., 2021b; Jaegle et al., 2021a) to convert the variable number of objects
detected in each frame to a fixed number of tokens. Perceiver is more computationally
efficient because it reduces the average sequence length; (3) Image Perceiver: the
same architecture as the Perceiver Resampler in Flamingo, which converts an image
to a small, fixed number of tokens; (4) Image patches: following Gato, we divide
an RGB frame into square patches, and extract ViT embedding tokens. The number
of patches is more than the output of Image Perceiver; (5) Single image: Decision
Transformer’s tokenizer, which encodes one image into a single token.

Fig. 6.5 shows the ablation results. We highlight a few findings. First, we note that
our Mask R-CNN detection pipeline incurs a minimal performance loss compared
to the oracle bounding boxes, thanks to the object augmentation (Sec. 6.5) that boosts
robustness during training. Second, tokenizing from raw pixels (Image Perceiver,
patches, or single embedding) consistently underperforms our object-centric format.
We hypothesize that these tokenizers have to allocate extra internal capacity to parse
the objects from low-level pixels, which likely impedes learning. Sax et al. (2018)
echoes our finding that using mid-level vision can greatly improve agent generalization
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Figure 6.7: Ablation: prompt conditioning. We compare our method (xattn: cross-
attention prompt conditioning) with a vanilla transformer decoder (gpt-decoder)
across different model sizes. Cross-attention is especially helpful in low-parameter
regime and for harder generalization tasks.

compared to an end-to-end pipeline. Third, even though Ours and Object Perceiver
both use the same object bounding box inputs, the latter is significantly worse in
decision making. We conclude that it is important to pass the variable sequence of
objects directly to the robot controller rather than downsampling to a fixed number
of tokens.

Prompt Conditioning. VIMA conditions the robot controller (decoder) on the
encoded prompt by cross-attention. A simple alternative is to concatenate the prompt
P and interaction history H into one big sequence, and then apply a decoder-only
transformer like GPT (Radford et al., 2018) to predict actions. In this ablation, we
keep the object tokenizer constant, and only switch the conditioning mechanism
to causal sequence modeling. Fig. 6.7 shows the comparison of VIMA (xattn)
and the gpt-decoder variant across 4 generalization levels. While GPT achieves
comparable performance in larger models, cross-attention still dominates in the small-
capacity range and generalizes better in the most challenging L4 (Novel Task) setting.
Our hypothesis is that cross-attention helps the controller stay better focused on the
prompt instruction at each interaction step. This bears resemblance to the empirical
results in Sanh et al. (2021) and Wang et al. (2022a), which show that well-tuned
encoder-decoder architectures can outperform GPT-3 in zero-shot generalization.

Prompt Encoding. We vary the size of the pre-trained T5 encoder (Raffel et al.,
2020) to study the effect of prompt encoding. We experiment with three T5 model
capacities: t5-small (30M), t5-base (111M), to t5-large (368M). For all T5
variants, we fine-tune the last two layers and freeze all other layers. We find no signifi-
cant difference among the variants, thus we set t5-base as default for all our models.
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6.7 Conclusion
Similar to GPT-3, a generalist robot agent should have an intuitive and expressive
interface for human users to convey their intent. In this work, we introduce a novel
multimodal prompting formulation that converts diverse robot manipulation tasks
into a uniform sequence modeling problem. We propose VIMA, a conceptually
simple transformer-based agent capable of solving tasks like visual goal, one-shot
video imitation, and novel concept grounding with a single model. VIMA exhibits
superior model and data scaling properties, and provides a strong starting point for
future work.
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C h a p t e r 7

VISION LANGUAGE ACTION MODELS FOR HUMANOID
ROBOTS IN THE REAL WORLD

This chapter is based on the paper:

NVIDIA, Guanzhi Wang, et al. (2025). Gr00t N1: An Open Foundation Model
for Generalist Humanoid Robots. In: arXiv Preprint arXiv:2503.14734. url:
https://arxiv.org/abs/2503.14734.

7.1 Introduction
Creating autonomous robots to perform everyday tasks in the human world has long
been a fascinating goal and, at the same time, a significant technical undertaking.
Recent progress in robotic hardware, artificial intelligence, and accelerated computing
has collectively paved the ground for developing general-purpose robot autonomy.
To march toward human-level physical intelligence, we advocate for a full-stack
solution that integrates the three key ingredients: hardware, models, and data. First
and foremost, robots are embodied physical agents, and their hardware determines
their capability envelope. It makes humanoid robots a compelling form factor to
build robot intelligence due to their human-like physique and versatility. Second,
the diversity and variability of the real world demands that the robots operate on
open-ended objectives and perform a wide range of tasks. Achieving this requires
a generalist robot model sufficiently expressive and capable of handling various
tasks. Third, real-world humanoid data are costly and time-consuming to acquire at
scale. We need an effective data strategy to train large-scale robotic models.

In recent years, foundation models have brought forth dramatic breakthroughs in
understanding and generating visual and text data. They demonstrate the effectiveness
of training generalist models on web-scale data to enable strong generalization and fast
adaptation to downstream tasks. The successes of foundation models in neighboring
fields of AI have depicted a promising roadmap for building the “backbone” of
intelligence for generalist robots, endowing them with a set of core competencies and
enabling them to rapidly learn and adapt in the real world. However, unlike the digital
realms of words and pixels, no Internet of humanoid robot datasets exist for large-
scale pre-training. The data available for any single humanoid hardware would be
orders of magnitude too small. Recent efforts in the robot learning community (Open

https://arxiv.org/abs/2503.14734
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Figure 7.1: Data pyramid for robot foundation model training. GR00T N1’s
heterogeneous training corpora can be represented as a pyramid: data quantity
decreases, and embodiment-specificity increases, moving from the bottom to the top.

X-Embodiment Collaboration et al., 2024) have explored cross-embodied learning to
enlarge the dataset by pooling training data from many different robots. However,
the great variability in robot embodiments, sensors, actuator degrees of freedom,
control modes, and other factors result in an archipelago of “data islands” rather than
a coherent, Internet-scale dataset needed for training a true generalist model.

We introduce GR00T N1, an open foundation model for generalist humanoid robots.
The GR00T N1 model is a Vision-Language-Action (VLA) model, which generates
actions from image and language instruction input. It has cross-embodiment support
from tabletop robot arms to dexterous humanoid robots. It adopts a dual-system
compositional architecture, inspired by human cognitive processing (Kahneman,
2011). The System 2 reasoning module is a pre-trained Vision-Language Model
(VLM) that runs at 10Hz on an NVIDIA L40 GPU. It processes the robot’s visual
perception and language instruction to interpret the environment and understand the
task goal. Subsequently, a Diffusion Transformer, trained with action flow-matching,
serves as the System 1 action module. It cross-attends to the VLM output tokens and
employs embodiment-specific encoders and decoders to handle variable state and
action dimensions for motion generation. It generates closed-loop motor actions at a
higher frequency (120Hz). Both the System 1 and System 2 modules are implemented
as Transformer-based neural networks, tightly coupled and jointly optimized during
training to facilitate coordination between reasoning and actuation.
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To mitigate the “data island” problem mentioned earlier, we structure the VLA
training corpora as a data pyramid, illustrated in Fig. 7.1. Rather than treating
the training datasets as a homogeneous pool, we organize heterogeneous sources by
scale: large quantities of web data and human videos lay the base of the pyramid;
synthetic data generated with physics simulations and/or augmented by off-the-shelf
neural models form the middle layer, and real-world data collected on the physical
robot hardware complete the top. The lower layers of the pyramid provide broad
visual and behavioral priors, while the upper layers ensure grounding in embodied,
real-robot execution.

We develop an effective co-training strategy to learn across the entire data pyramid
in both pre- and post-training phases. To train our model with action-less data
sources, such as human videos and neural-generated videos, we learn a latent-action
codebook (Ye et al., 2025) and also use a trained inverse dynamics model (IDM) to
infer pseudo-actions. These techniques enable us to annotate actions on action-less
videos so we can effectively treat them as additional robot embodiments for model
training. By unifying all data sources across the data pyramid, we construct a
consistent dataset where the input consists of the robot state, visual observations,
and language instruction, and the output is the corresponding motor action. We
pre-train our model end-to-end across the three data layers, spanning (annotated)
video datasets, synthetically generated datasets, and real-robot trajectories — by
sampling training batches across this heterogeneous data mixture.

With a unified model and single set of weights, GR00T N1 can generate diverse
manipulation behaviors using single-arm, bimanual, and humanoid embodiments.
Evaluated on standard simulation benchmark environments, GR00T N1 achieves
superior results compared to state-of-the-art imitation learning baselines. We also
demonstrate GR00T N1’s strong performance in real-world experiments with GR-1
humanoid robots. Our GR00T-N1-2B model checkpoint, training data, and simulation
benchmarks are publicly available here: GitHub and HuggingFace Datasets.

7.2 Related Work
Foundation Models in Robotics. Developing and using foundation models (Bom-
masani et al., 2021) for robotics has been of great interest recently. One common
approach is to leverage existing pre-trained foundation models as high-level black-box
reasoning modules in conjunction with low-level robot-specific policies (Brohan
et al., 2023a; Huang et al., 2022b; Singh et al., 2023; Driess et al., 2023; Liang

http://github.com/NVIDIA/Isaac-GR00T
https://huggingface.co/datasets/nvidia/PhysicalAI-Robotics-GR00T-X-Embodiment-Sim
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et al., 2023; Lin et al., 2023; Huang et al., 2023b). This approach allows the robot
to plan sequences of low-level skills or motions using the pre-trained foundation
model. However, it assumes the availability of these low-level policies and a suffi-
cient interface to connect them to the black-box foundation models. An alternative
approach is to finetune pre-trained foundation models on robotics data to build
Vision-Language-Action (VLA) models (Brohan et al., 2022; Brohan et al., 2023b;
Black et al., 2024; Kim et al., 2024; Zheng et al., 2025; Wen et al., 2025; Cheang
et al., 2024; Li et al., 2023; Zhen et al., 2024; Huang et al., 2024; Ye et al., 2025;
Yang et al., 2025a). Instead of enforcing a rigid hierarchy between high-level VLM
planning and low-level control, these VLA models allow for end-to-end optimization
toward the downstream deployment tasks. We take a similar approach to train
GR00T N1 and use the Eagle-2 model (Li et al., 2025) as our base Vision Language
Model (VLM). We fine-tune our VLM together with a flow-matching (Lipman
et al., 2022; Liu et al., 2022a; Hu et al., 2024) action generation model with action
chunking (Zhao et al., 2023). In contrast to prior VLA models (Black et al., 2024)
that use a mixture-of-experts architecture to bridge the base VLM model with the
action generation model, we use a simple cross-attention mechanism. This approach
provides flexibility regarding the exact architecture of the VLM model and the action
generation model we can use. Furthermore, we use embodiment-specific state and
action projector modules, which support different robot embodiments, including
latent (Ye et al., 2025) and IDM-based (Baker et al., 2022) actions. The use of these
projectors is similar to those in Octo Model Team et al. (2024), though that work did
not fine-tune the VLM models.

Datasets for Robot Learning. A core challenge in robot learning is the scarcity of
large-scale, diverse, and embodied datasets necessary to train generalist robots. One
common approach is to use robot teleoperation (Zhang et al., 2018; Mandlekar et al.,
2018; Mandlekar et al., 2019; Mandlekar et al., 2020; Wu et al., 2023b; Zhao et al.,
2023; Aldaco et al., 2024; Fu et al., 2024; Iyer et al., 2024; Dass et al., 2024), where
a human uses a device such as a smartphone or Virtual Reality (VR) controller, to
control a robot to perform tasks of interest. The robot sensor streams and robot
controls during operation are logged to a dataset, allowing for high-quality task
demonstrations to be collected. Recently, this approach has been scaled by utilizing
large teams of human operators and robot fleets over extended periods of time (e.g.,
months), resulting in large-scale robot manipulation datasets with thousands of hours
of demonstrations (Ebert et al., 2022; Brohan et al., 2022; Ahn et al., 2022; Lynch
et al., 2023; O’Neill et al., 2024; AgiBot-World-Contributors et al., 2025; Black et al.,
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2024). However, collecting data this way requires extensive cost and human effort.
Another line of work, instrumented human demonstrations, uses special hardware to
capture robot-relevant observation and action data without explicitly teleoperating
the target robot. For example, Chi et al., 2024b use hand-held robot grippers, Fang
et al. (2024) uses a robot-like exoskeleton, and Kareer et al., 2024 uses special glasses
to capture human hand motions, which are retargeted to robot action data. These
approaches tend to result in faster data collection, though they have a mismatch with
the downstream robot compared to direct robot teleoperation. A separate line of
work makes use of human video datasets (Grauman et al., 2024; Grauman et al.,
2022; Goyal et al., 2017; Damen et al., 2018; Miech et al., 2019), which are plentiful
and substantially easier to collect than on-robot data, as a source of training data for
robots. Some works (Nair et al., 2022; Wu et al., 2023a; Karamcheti et al., 2023)
use human video datasets to pre-train representations that are then used as a feature
space for training policies on downstream robot datasets. Other works Bharadhwaj
et al., 2024a; Bharadhwaj et al., 2024b; Ren et al., 2025a try to jointly use human
video data and robot data through intermediate representations for the motions in
the video. Ye et al. (2025) shows that pretraining VLAs with latent actions only
on human videos yields positive transfer to downstream robotic tasks. Rather than
relying on a single type of training data, we developed techniques to effectively learn
from a diverse assortment of real-world robot data, human video data, and synthetic
data.

Synthetic Data Generation in Robotics. Real-world robot data collection requires
large amounts of time and considerable human cost. By contrast, data collection in
simulation can be substantially more efficient and less painful, making it a compelling
alternative. Recently, several works (Mandlekar et al., 2023; James et al., 2020;
Dalal et al., 2023; Gu et al., 2023; Ha et al., 2023; Nasiriany et al., 2024; Jiang
et al., 2024; Wang et al., 2024a; Garrett et al., 2024; Yang et al., 2025b) have
proposed automated data generation pipelines that can leverage simulation to produce
thousands of task demonstrations with minimal human effort. This makes it easy to
generate large-scale datasets; however, utilizing these datasets can be challenging
due to the simulation-to-reality gap.

Another promising avenue has been using neural generative models to augment
existing sets of robot demonstrations (Mandi et al., 2022; Yu et al., 2023a; Chen
et al., 2023). However, previous work have been limited to utilizing in-painting
or text-to-image diffusion models to augment the training data. In our work, we
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Figure 7.2: GR00T N1 model overview. Our model is a Vision-Language-Action
(VLA) model that adopts a dual-system design. We convert the image observation
and language instruction into a sequence of tokens to be processed by the Vision-
Language Model (VLM) backbone. The VLM outputs, together with robot state and
action encodings, are passed to the Diffusion Transformer module to generate motor
actions.

leverage the recent advancements in video generative models (Agarwal et al., 2025;
Wan Team, 2025) to create entire neural trajectories, at a scale that has never been
explored before: ∼300k neural trajectories which amounts to 827 hours of robot
trajectories.

In our model, we make use of large synthetic simulation datasets generated by
MimicGen (Mandlekar et al., 2023) and DexMimicGen (Jiang et al., 2024), as well
as neural-generated video datasets with state-of-the-art video generation models.
Our way of co-training with synthetically generated and real-world data sets us from
other large-scale VLA efforts.

7.3 GR00T N1 Foundation Model
GR00T N1 is a Vision-Language-Action (VLA) model for humanoid robots trained
on diverse data sources. The model contains a vision-language backbone that
encodes language and image input and a DiT-based flow-matching policy that outputs
high-frequency actions. We use the NVIDIA Eagle-2 VLM (Li et al., 2025) as
the vision-language backbone. Specifically, our publicly released GR00T-N1-2B
model has 2.2B parameters in total, with 1.34B in the VLM. The inference time
for sampling a chunk of 16 actions is 63.9ms on an L40 GPU using bf16. Fig. 7.2
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provides a high-level overview of our model design. We highlight three key features
of GR00T N1:

• We design a compositional model that integrates Vision-Language Model
(VLM)-based reasoning module (System 2) and Diffusion Transformer (DiT)-
based action module (System 1) in a unified learning framework;

• We develop an effective pre-training strategy using a mixture of human videos,
simulation and neural-generated data, and real robot demonstrations (see
Fig. 7.1) for generalization and robustness;

• We train a massively multi-task, language-conditioned policy that supports a
wide range of robot embodiments and enables rapid adaptation to new tasks
through data-efficient post-training.

Model Architecture
In this section, we describe the GR00T N1 model architecture, illustrated in Fig. 7.3.
GR00T N1 uses flow-matching (Lipman et al., 2022) to learn action generation. A
diffusion transformer (DiT) processes the robot’s proprioceptive state and action,
which are then cross-attended with image and text tokens from the Eagle-2 VLM
backbone to output the denoised motor actions. Below, we elaborate on each module
in detail.

State and Action Encoders To process states and actions of varying dimensions
across different robot embodiments, we use an MLP per embodiment to project them
to a shared embedding dimension as input to the DiT. As in Black et al. (2024), the
Action Encoder MLP also encodes the diffusion timestep together with the noised
action vector.

We use action flow matching, which samples actions through iterative denoising.
The model takes as input noised actions in addition to encodings of the robot’s
proprioceptive state, image tokens, and text tokens. The actions are processed in
chunks as in Zhao et al. (2023), meaning that at any given time t the model uses
At = [at, at+1, . . . , at+H−1] which contains the action vectors of timesteps t through
t+H − 1. We set H = 16 in our implementation.

Vision-Language Module (System 2) For encoding vision and language inputs,
GR00T N1 uses the Eagle-2 (Li et al., 2025) vision-language model (VLM) pretrained



94

Robot State

Eagle-2 
VLM

C
ross-Attention

Self-Attention

C
ross-Attention

Self-Attention

State
Encoder

Action 
Decoder

DiT Blocks 

Motor
Action

Action 
Encoder

x N

“Pick up the apple 
and place it into 
the bottom shelf”

Noised Action

Embodiment-Specific Module
Vision

Encoder

Text 
Tokenizer

K iterations

Pre-trained and Frozen

𝑞!

. . .

𝑎!
𝑎!"#

𝑎!"$%#

. . .

𝑎!
𝑎!"#

𝑎!"$%#

Figure 7.3: GR00T N1 model architecture. GR00T N1 is trained on a diverse set of
embodiments ranging from single-arm robot arms to bimanual humanoid dexterous
hands. To deal with different robot embodiment’s state observation and action,
we use DiT blocks with an embodiment-aware state and action encoder to embed
the robot’s state and action inputs. GR00T N1 model leverages latent embeddings
of the Eagle-2 model to incorporate the robot’s visual observation and language
instructions. The vision language tokens will then be fed into the DiT blocks through
cross-attention layers.

on Internet-scale data. Eagle-2 is finetuned from a SmolLM2 (Allal et al., 2025)
LLM and a SigLIP-2 (Tschannen et al., 2025) image encoder. Images are encoded
at resolution 224× 224 followed by pixel shuffle (Shi et al., 2016), resulting in 64
image token embeddings per frame. These embeddings are then further encoded
together with text by the LLM component of the Eagle-2 VLM. The LLM and image
encoder are aligned over a broad set of vision-language tasks following the general
recipe of Li et al. (2025).

During policy training, a text description of the task, as well as (possibly multiple)
images, are passed to the VLM in the chat format used during vision-language
training. We then extract vision-language features of shape (batch size × sequence
length × hidden dimension) from the LLM. We found that using middle-layer instead
of final-layer LLM embeddings resulted in both faster inference speed and higher
downstream policy success rate. For GR00T-N1-2B, we use the representations from
the 12th layer.
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Diffusion Transformer Module (System 1) For modeling actions, GR00T N1
uses a variant of DiT (Peebles et al., 2023), which is a transformer with denoising
step conditioning via adaptive layer normalization, denoted as Vθ. As shown in
Fig. 7.3, Vθ consists of alternating cross-attention and self-attention blocks, similar
to Flamingo (Alayrac et al., 2022) and VIMA (Jiang et al., 2023). The self-attention
blocks operate on noised action token embeddings Aτ

t together with state embeddings
qt, while cross-attention blocks allow conditioning on the vision-language token
embeddings ϕt output by VLM. After the final DiT block, we apply an embodiment-
specific Action Decoder, another MLP, to the final H tokens to predict the actions.

Given a ground-truth action chunk At, a flow-matching timestep τ ∈ [0, 1] and
sampled noise ϵ ∼ N (0, I), the noised action chunk Aτ

t is computed as Aτ
t =

τAt + (1 − τ)ϵ. The model prediction Vθ(ϕt, A
τ
t , qt) aims to approximate the

denoising vector field ϵ− At by minimizing the following loss:

Lfm(θ) = Eτ

[
∥Vθ(ϕt, A

τ
t , qt)− (ϵ− At)∥2

]
. (7.1)

As in Black et al. (2024), we use p(τ) = Beta( s−τ
s
; 1.5, 1), s = 0.999. During

inference, we generate action chunks with K-step denoising. First, randomly sample
A0

t ∼ N (0, I) and then use forward Euler integration to iteratively generate the
action chunk, updating as follows:

A
τ+1/K
t = Aτ

t +
1

K
Vθ(ϕt, A

τ
t , qt).

In practice, we found K = 4 inference steps to work well across all embodiments.

Training Data Generation
To train GR00T N1, we use a diverse set of data sources and objectives to construct
the data pyramid (Fig. 7.1). We first source diverse human egocentric video data
from open datasets, which forms the base, together with the web data used in VLM
pretraining. Next, we generate synthetic neural trajectories using pre-trained video
generation models. In this way, we ∼10× our in-house collected teleoperation
trajectories — the “peak” of the data pyramid — from 88 hours to 827 hours, using
diverse counterfactual robot trajectories with novel language instructions (see Fig. 7.5
for examples). We additionally generate diverse simulation trajectories, which also
expand the middle part of the data pyramid.

In the next paragraph, we first describe how we extract latent actions from videos,
which we use to extract labels for web-scaled human egocentric datasets. Next, we
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describe how we generate neural and simulated robot trajectories, and how we obtain
actions for each of these data sources.

Latent Actions For human egocentric videos and neural trajectories, we do not
have any actions that we can directly use to train GR00T N1. For these data, we
instead generate latent actions by training a VQ-VAE model to extract features from
consecutive image frames from videos (Ye et al., 2025). The encoder takes the
current frame xt and the future frame xt+H of a video with a fixed window size H

and outputs the latent action zt. The decoder is trained to take the latent action zt and
xt and reconstruct xt+H . This model is trained with a VQ-VAE objective, where the
continuous embedding from the encoder is mapped to the nearest embedding from
the codebook. After training, we take the encoder and use it as an inverse dynamics
model; given an xt and xt+H pair, we extract the continuous pre-quantized embedding
and use this as the latent action label during pre-training, with the same flow-matching
loss, but treat it as a distinct “LAPA” embodiment. Training the VQ-VAE model on
all heterogeneous data together allows us to unify all of the data to share the same
learned latent action space, potentially improving cross-embodiment generalization.
Fig. 7.4 shows xt and xt+H pairs from 8 distinct embodiments including both robot
and human embodiment, all retrieved from similar latent actions; the first latent
action shows all embodiments moving right arm to the left and the second latent
action shows moving right arm to the right.

Latent action 1: Move the right arm to the left Latent action 2: Move the right arm to the right

Figure 7.4: Latent actions. We retrieve similar latent embeddings across various
embodiments. The left images illustrate the latent action that corresponds to moving
the right arm (or hand) to the left, while the right images illustrate the latent action
that corresponds to moving the right arm (or hand) to the right. Note that this general
latent action is not only consistent in different robot embodiments, but also in human
embodiment.
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Neural Trajectories Robot data scales linearly with human labor, since it typically
requires a human operator to teleoperate the robot to produce each trajectory. Recently,
video generation models have demonstrated significant potential for high-quality
controllable video generation (Brooks et al., 2024; Yang et al., 2024; Xiang et al.,
2024; Lin et al., 2024; Wan Team, 2025; Ren et al., 2025b), which paves the way
for building world models in the robotic domain. To harness these models, we
fine-tune image-to-video generation models (Agarwal et al., 2025; Yang et al., 2024;
Wan Team, 2025) on all of our 88 hours of in-house collected teleoperation data
and generate 827 hours of video data given the existing initial frames with novel
language prompts, augmenting it by around 10×. This enables generating training
data that captures many more counterfactual scenarios in the real world without
actually collecting teleoperation data for each of these cases (examples shown in
Fig. 7.5.

To increase the diversity of our neural trajectories, we first use a commercial-grade
multimodal LLM to detect the objects given initial frames and generate many more
possible combinations of “pick up {object} from {location A} to {location B},” while
instructing the model to only consider the physically feasible combinations. We
also apply post-processing mechanisms, including filtering and re-captioning, to the
generated videos. For this, we also use a commercial-grade multimodal LLM as a
judge and feed the downsampled 8 frames to filter out neural trajectories that do not
follow the language instruction precisely. We then caption the filtered-out videos.

Simulation Trajectories Scaling up real-world data collection for humanoid robots
is highly expensive due to the challenge of simultaneously controlling both arms and
dexterous hands. Recent research (Wang et al., 2024a; Mandlekar et al., 2023; Jiang
et al., 2024) has demonstrated that generating training data in simulation is a practical
alternative. We use DexMimicGen (Jiang et al., 2024) to synthesize large-scale robot
manipulation trajectories.

Starting with a small set of human demonstrations, DexMimicGen applies demon-
stration transformation and replay in simulation to expand the dataset automatically.
Each task is decomposed into a sequence of object-centric subtasks. The initial
human demonstrations are segmented into smaller manipulation sequences, each
corresponding to a subtask involving a single object. These segments are then
adapted to new environments by aligning them with the object’s position, preserving
the relative poses between the robot’s end effector and the object. To ensure smooth
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Prompt: use the right hand to pick up cucumber to basket

Prompt: use the left hand to pick up spray bottle to basket

Prompt: use the left hand to pick up spray bottle to beige bowl

Prompt: pick up can from cutting board to pan

Prompt: pick up apple from cutting board to pan

Prompt: pick up tools from mesh cup to clear bin

Prompt: pick up the potato, place it into the microwave and close the microwave

Figure 7.5: Synthetically generated videos. We leverage off-the-shelf video generation
models to create neural trajectories to increase the quantity and diversity of our
training datasets. These generated data can be used for both pre- and post-training of
our GR00T N1. (1) The first three rows are generated from the same initial frames
but with different prompts (change left or right, the location to place the object), (2)
the following two are from the same initial frames but replace the object to pick up,
(3) the next row showcases the video model generating a robot trajectory which is
very challenging to generate in simulation (spilling contents inside a mesh cup into a
bin), and (4) the last row is generated from an initial frame from simulation data. We
use the red rectangles to indicate the initial frames.
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execution, the system interpolates movements between the robot’s current state and
the transformed segment. The robot then follows the full sequence step by step,
verifying task success at the end. Only successful demonstrations are retained,
ensuring high-quality data. Using DexMimicGen, we scale a limited set of human
demonstrations into a large-scale humanoid manipulation dataset. Considering the
pre- and post-training datasets, we have generated 780,000 simulation trajectories —
equivalent to 6,500 hours, or nine continuous months, of human demonstration data
— in just 11 hours. These simulation data significantly supplement the real-robot
data with minimal human costs.

Training Details
Pre-training During the pre-training phase, GR00T N1 is trained via flow-matching
loss (Equation 7.1) on a diverse collection of embodiments and data sources,
encompassing various real and synthetic robot datasets as well as human motion
data. We refer readers to Sec. 7.4 for a detailed description of the datasets.

For human videos, in the absence of ground-truth actions, we extract learned latent
actions and use them as flow-matching targets (see Sec. 7.3). For robot datasets such
as our GR-1 humanoid data or Open X-Embodiment data, we use both ground-truth
robot actions as well as learned latent actions as flow-matching targets. In the case of
neural trajectories (Sec. 7.3) used to augment our robot datasets, we use both latent
actions as well as predicted actions from an inverse-dynamics model trained on the
real robot data.

Post-training In the post-training phase, we fine-tune our pre-trained model on
datasets corresponding to each single embodiment. As in pretraining, we keep the
language component of the VL backbone frozen and fine-tune the rest of the model.

Post-training with Neural Trajectories To overcome the challenge of data scarcity
during post-training, we explore augmenting the data for each downstream task by
generating neural trajectories, similar to the procedure described in Sec. 7.3. For
downstream tasks that are conditioned on multiple views, we finetune the video model
to generate multiple subimages in a grid. For simulation tasks, we collect diverse
initial frames from the randomly initialized environment. For real robot tasks, we
randomly initialize object poses manually and record the robot’s initial observation.
Novel initial frames could also be created automatically using img2img diffusion,
but we leave further exploration for future work. We also demonstrate examples of
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(1) multi-round video generation for generating long-horizon trajectories composed
of atomic tasks and (2) neural trajectories of liquids and articulated objects, known
to be extremely challenging to simulate, though we leave quantitative evaluation of
downstream tasks for future work.

For our post-training pipeline with neural trajectories, we restrict ourselves to fine-
tuning the video generation model only on the human-collected trajectories for
simulation tasks and only 10% of the data from the real-world benchmark collected
for post-training, to match the realistic scenario that we only have access to limited
number of teleoperation data. Since the generated videos do not have action labels,
we use either latent or inverse dynamics models (IDM) labeled actions (Baker et al.,
2022) and train the policy model to treat these pseudo-actions as action labels for a
different embodiment. In low-data regime scenarios, we also restrict ourselves on
training the IDM models only on the low-data, to facilitate realistic scenarios. Some
empirical comparisons between latent and IDM-labeled actions are made in Sec. 7.5.
During post-training, we co-train the policy with real-world trajectories with neural
trajectories with a 1:1 sampling ratio.

Training Infrastructure We train GR00T N1 on a cluster managed via NVIDIA
OSMO (NVIDIA, 2025), an orchestration platform for scaling complex ‌robotics
workloads. The training cluster is equipped with H100 NVIDIA GPUs connected
via NVIDIA Quantum-2 InfiniBand in a fat-tree topology. We facilitate fault-tolerant
multi-node training and data ingestion via a custom library built on top of the Ray
distributed computing library (Moritz et al., 2018). We use up to 1024 GPUs for a
single model. GR00T-N1-2B used roughly 50,000 H100 GPU hours for pretraining.

Compute-constrained finetuning was tested in the context of a single A6000 GPU. If
only tuning the adapter layers (action and state encoders + action decoder) and DiT,
a batch size up to 200 can be used. When tuning the vision encoder, a batch size of
up to 16 can be used.

7.4 Pre-Training Datasets
We structure our pre-training corpus into three main categories: real-robot datasets
(Sec. 7.4), synthetic datasets (Sec. 7.4), and human video datasets (Sec. 7.4). These
roughly correspond to the peak, middle, and base of the data pyramid (Fig. 7.1),
respectively. The synthetic datasets consist of both simulation trajectories and neural
trajectories. Table 7.1 summarizes our training data generation strategies in Sec. 7.3
and their applicable data sources correspondingly.
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Table 7.1: Training data generation. Our data generation strategies leverage different
data sources. The latent-action learning technique is broadly applied to diverse
video datasets. Neural trajectories can be generated from datasets containing robot
actions, while simulation trajectories rely on a physics simulator and utilize our
DexMimicGen-based automated data generation system.

Latent Actions Neural Trajectories Simulation Trajectories

Real-Robot Datasets ✓ ✓ ✓
Simulated Robot Datasets ✓ ✓
Human Video Datasets ✓

Real-World Datasets
We use the following real-world robot datasets:

1. GR00T N1 Humanoid Pre-Training Dataset. Our internally collected dataset
covers a broad range of general manipulation tasks, focused on Fourier GR1
through teleoperation. We leverage the VIVE Ultimate Tracker to capture the
teleoperator’s wrist poses while Xsens Metagloves track finger movements.
We also explored other teleoperation hardware options, including Apple Vision
Pro and Leap Motion (see Fig. 7.6). The recorded human movements are
then retargeted to humanoid actions via inverse kinematics. The real-time
teleoperation operates at a control frequency of 20Hz. Alongside the robot’s
actions, we capture images from a head-mounted camera at each step, as well as
the human’s low-dimensional proprioception and actions. The dataset includes
fine-grained annotations, which detail atomic actions such as grasping, moving,
and placing, and coarse-grained annotations, which aggregate sequences of
fine-grained actions into higher-level task representations. This hierarchical
structure supports learning both precise motion control and high-level task
reasoning.

2. Open X-Embodiment. Open X-Embodiment Collaboration et al. (2024) is a
widely used cross-embodiment dataset for robot manipulation. We include
the RT-1 (Brohan et al., 2022), Bridge-v2 (Walke et al., 2023), Language
Table (Lynch et al., 2023), DROID (Khazatsky et al., 2024), MUTEX (Shah
et al., 2023), RoboSet (Bharadhwaj et al., 2024c) and Plex (Thomas et
al., 2023), providing diverse datasets covering various manipulation tasks,
language-conditioned control, and robot-environment interactions.

3. AgiBot-Alpha. AgiBot-World-Contributors et al. (2025) is a large-scale dataset
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Figure 7.6: Data collection via teleoperation. Our teleoperation infrastructure
supports multiple devices to capture human hand motion, including 6-DoF wrist
poses and hand skeletons. Robot actions are produced through retargeting and
executed on robots in real and simulation environments.

of trajectories from 100 robots. We used the 140,000 trajectories available
at the time of launching our training run. The dataset covers fine-grained
manipulation, tool usage, and multi-robot collaboration.

Synthetic Datasets
Our synthetic datasets include 1) simulation trajectories automatically multiplied
from a small number of human demonstrations within physics simulators and 2)
neural trajectories derived from videos produced by off-the-shelf neural generation
models.

Simulation Trajectories In addition to real-world datasets, we feature large-scale
synthetic datasets generated in simulation as described in Sec. 7.3. Our simulation
tasks comprise humanoid robots performing a broad range of tabletop rearrangement
tasks and feature a large array of realistic 3D assets. We build these tasks under the
RoboCasa simulation framework (Nasiriany et al., 2024). Broadly, our tasks follow
the behavior “rearrange A from B to C,” where A corresponds to an object, and
B and C represent the source and target locations in the environment. The source
and target locations are receptacles such as plates, baskets, placemats, and shelves,
and the robot must rearrange objects across different combinations of source and
target receptacles. Overall, our pre-training simulation datasets feature 54 unique
combinations of source and target receptacle categories. We place the objects and
receptacles in randomized locations throughout the table and additionally incorporate
distractor objects and receptacles in the scene. The distractors require the model to
pay attention to the task language to perform the desired behavior.
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We generate diverse, high-quality training datasets at a massive scale using DexMim-
icGen. Our datasets feature the GR-1 humanoid robot, but we can adopt the system
for a wide range of robots. We begin by collecting a few dozen source demonstrations
via teleoperation using the Leap Motion device. The Leap Motion device tracks the
6-DoF wrist poses and finger poses, and we retarget these values and send them to
the whole-body IK controller based on mink (Zakka, 2024). Given human demon-
strations, DexMimicGen processes the demonstrations into object-centric segments
and then transforms and combines these segments to generate new demonstrations.
Using this system, we generate 10,000 new demonstrations for each (source, target)
receptacle pair in our pre-training task regime, resulting in 540k total demonstrations.

Neural Trajectories To generate neural trajectories, we fine-tune open-source
image-to-video models on our real-world GR00T N1 Humanoid Pre-Training dataset,
as described in Sec. 7.3. We trained the models for 100 epochs on a dataset
comprising 3,000 real-world robot data samples with language annotations, each
recorded at 480P resolution and consisting of 81 frames. As illustrated in Fig. 7.5,
our model can generate high-quality counterfactual trajectories given novel language
prompts. Moreover, the model, trained on Internet-scale video data, demonstrates
strong generalization capabilities in handling unseen initial frames, novel objects,
and new motion patterns. These videos are further labeled with latent actions and
IDM-based pseudo-actions for model training. We generate a total of around 827
hours of videos; it takes 2 minutes to generate a one-second video on an L40 GPU,
and required approximately 105k L40 GPU hours (∼1.5 days) on 3,600 L40 GPUs.

Human Video Datasets
We include a diverse set of human video datasets. These do not include explicit
action labels but contain extensive sequences of human-object interactions, capturing
affordances, task semantics, and natural motion patterns. These datasets cover a
wide range of real-world human behaviors, including grasping, tool use, cooking,
assembly, and other task-oriented activities performed in natural environments, and
provide detailed first-person perspectives of hand-object interactions. Our video
datasets include the following:

• Ego4D is a large-scale egocentric video dataset that includes diverse recordings
of everyday activities (Grauman et al., 2022);



104

• Ego-Exo4D adds complementary exocentric (third-person) views alongside
first-person recordings (Grauman et al., 2024);

• Assembly-101 focuses on complex assembly tasks by providing detailed videos
of step-by-step object assembly (Sener et al., 2022);

• EPIC-KITCHENS includes first-person footage of culinary activities (Damen
et al., 2018);

• HOI4D captures human-object interactions with frame-wise annotations for
segmentation, hand and object poses, and actions (Liu et al., 2022b);

• HoloAssist captures collaborative and assistive tasks within augmented reality
environments (Wang et al., 2023d);

• RH20T-Human includes recordings of fine-grained manipulation tasks with
an emphasis on natural hand-object interactions across diverse real-world
scenarios (Fang et al., 2023).

7.5 Evaluation
We evaluate our GR00T N1 models in a diverse set of simulated and real-world
benchmarks. Our simulation experiments are conducted on three distinct benchmarks
designed to systematically assess the effectiveness of our model across various robot
embodiments and manipulation tasks. In our real-world experiments, we investigate
the model’s capability on a suite of tabletop manipulation tasks with the GR-1
humanoid robot. These experiments aim to demonstrate GR00T N1’s ability to
acquire new skills from a limited number of human demonstrations.

Simulation Benchmarks
Our simulation experiments comprise two open-source benchmarks from prior
work (Nasiriany et al., 2024; Jiang et al., 2024), as well as a newly developed
suite of tabletop manipulation tasks designed to closely mirror our real-world task
settings. We meticulously choose these benchmarks for evaluating our models across
different robot embodiments and diverse manipulation tasks. Our model checkpoints,
together with the publicly available simulation environments and datasets, ensure the
reproducibility of our key results. Fig. 7.7 illustrates some example tasks from these
three benchmarks.

• RoboCasa Kitchen (24 tasks, RoboCasa)
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Piece Assembly Transport Pouring Tray LiftCoffee

Pick and Place Turn Off Stove Turn On Water Turn On MicrowaveSetup Mug

Bottle To Cabinet Cup To DrawerMove To Pan Move To Box Move To Shelf

Figure 7.7: Simulation tasks. Our simulation experiments use tasks from two
open-source benchmarks (RoboCasa (Nasiriany et al., 2024) in the top row and
DexMimicGen (Jiang et al., 2024) in the middle row) and a newly developed suite of
tabletop manipulation tasks that closely resemble our real-world tasks (bottom row).
We provide Omniverse renderings of the tasks above.

RoboCasa (Nasiriany et al., 2024) features a collection of tasks in simulated
kitchen environments. We focus on 24 “atomic” tasks that involve foundational
sensorimotor skills such as pick-and-place, door opening and closing, pressing
buttons, turning faucets, and more. For each task, we use the publicly available
dataset of 3000 demonstrations featuring the Franka Emika Panda arm, all
generated with MimicGen (Mandlekar et al., 2023). The observation space
includes three RGB images captured from cameras positioned on the left,
right, and at the wrist. The state representation comprises the position and
rotation of both the end-effector and the robot base, as well as the gripper’s
state. The action space is defined by the relative position and rotation of the
end-effector along with the gripper state. We follow the same training and
evaluation protocol outlined by Nasiriany et al., 2024.

• DexMimicGen Cross-Embodiment Suite (9 tasks, DexMG)

DexMimicGen (Jiang et al., 2024) includes an array of nine bimanual dexterous
manipulation tasks requiring precise two-arm coordination. Together, these
tasks cover three bi-manual robot embodiments: (1) Bimanual Panda Arms
with Parallel-Jaw Grippers: tasks include threading, piece assembly, and
transport. The state/action space consists of the end-effector position and
rotation of both arms, as well as the gripper states; (2) Bimanual Panda Arms
with Dexterous Hands: tasks include box cleanup, drawer cleanup, and tray
lifting. The state/action space consists of the end-effector position and rotation
of both arms and hands; (3) GR-1 Humanoid with Dexterous Hands: tasks
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include pouring, coffee preparation, and can sorting. The state/action space
consists of the joint position and rotation of both arms and hands, along with
the waist and neck. We generate 1000 demonstrations for each task using
the DexMimicGen data generation system and evaluate the model’s ability to
generalize to novel object configurations.

• GR-1 Tabletop Tasks (24 tasks, GR-1)

This dataset serves as a digital counterpart to real-world humanoid datasets,
enabling systematic evaluations that inform the performance of real-robot
deployment. This benchmark focuses on dexterous hand control using the
GR-1 humanoid robot equipped with Fourier dexterous hands. Compared
to DexMG, this benchmark features a significantly larger variety of objects
with diverse placements. We model a total of 18 rearrangement tasks, which
have a similar structure to the pre-training tasks outlined in Sec. 7.4, i.e.,
rearranging objects from a source to a target receptacle. Each task involves
a unique combination of receptacles, and these combinations are unseen in
our pre-training data. Like the pre-training tasks, most tasks involve distractor
objects and receptacles that require the model to pay attention to the task
language. We additionally feature six tasks that involve placing objects into
articulated objects (i.e., cabinets, drawers, and microwaves) and closing them.
The observation space includes one RGB image captured from an egocentric
camera positioned on the robot’s head. The state/action space consists of the
joint position and rotation of both arms and hands, along with the waist and
neck. We optionally include in our datasets the end effector-based actions for
controlling the arms, as the native action space for controlling the whole-body
IK controller is end effector-based. We generate 1000 demonstrations for each
task using the DexMimicGen system.

Real-World Benchmarks
We introduce a diverse and meticulously designed set of tabletop manipulation
tasks, aimed at evaluating and post-training our models on human demonstrations.
These tasks emphasize critical aspects of real-world dexterity, including precise
object manipulation, spatial reasoning, bimanual coordination, and multi-agent
collaboration. We carefully categorize our benchmarks into four distinct types,
ensuring a rigorous evaluation of model performance. We show some example tasks
from our real-world benchmarks in Fig. 7.8.
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Prompt:
pick up 
peach to 
yellow bin

Prompt:
pick up 
green bell 
pepper to 
bottom shelf

Pick-and-Place with Left-to-Right Handover                                    Pick up Novel Object to Novel Container           

Pick-and-Place: Tray to Plate                   Pick-and-Place: Placemat to Basket            Pick-and-Place: Cutting Board to Pan

Articulated: White Drawer                              Articulated: Wooden Chest                             Articulated: Dark Cabinet

Industrial: Machinery Packing                        Industrial: Mesh Cup Pouring                       Industrial : Cylinder Handover

Coordination Part 1: Cylinder to Mesh Cup and Mesh Cup Handover to Another Robot

Coordination Part 2: Cylinder to Yellow Bin and Mesh Cup Pouring to Another Yellow Bin

Pre-Training Evaluations

Post-Training Evaluations

Figure 7.8: Real-world tasks. All images are captured from policy rollouts of GR00T-
N1-2B and models post-trained from GR00T-N1-2B. (Top) Pre-training evaluations.
We design two manipulation tasks to assess our pretrained models. The left image
shows a left-to-right handover, while the right image illustrates the placement of
novel objects into an unseen target container. (Bottom) Post-training evaluations. We
introduce four distinct task categories. From top to bottom, we present examples of
object-to-container pick-and-place, articulated object manipulation, industrial object
manipulation, and multi-agent coordination.

• Object-to-Container Pick-and-Place (5 tasks, Pick-and-Place)

This category evaluates the model’s ability to grasp objects and place them
into designated containers, a fundamental capability for robotic manipulation.
Tasks include transferring objects between common household containers such
as trays, plates, cutting boards, baskets, placemats, bowls, and pans. These
scenarios test fine motor skills, spatial alignment, and adaptability to different
object geometries. To rigorously assess generalization, we evaluate models on
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both seen and unseen objects.

• Articulated Object Manipulation (3 tasks, Articulated)

These tasks assess the model’s ability to manipulate articulated storage com-
partments. The model must grasp an object, place it into a storage unit such as
a wooden chest, dark cabinet, or white drawer, and then close the compartment.
These tasks introduce challenges in constrained motion control and precise
placement within limited spaces. Generalization is tested with both seen and
unseen objects.

• Industrial Object Manipulation (3 tasks, Industrial)

We design this category for industrial scenarios, which involve three structured
workflows and tool-based interactions: 1) Machinery Packing: Pick up various
machinery parts and tools and place them into a designated yellow bin; 2)
Mesh Cup Pouring: Grasp a mesh cup containing small industrial components
(e.g., screws and bolts) and pour its contents into a plastic bin; and 3) Cylinder
Handover: Pick up a cylindrical object, transfer it from one hand to the other,
and place it into a yellow bin. These tasks closely mirror real-world industrial
applications, making them highly relevant benchmarks for assessing dexterity
in structured environments.

• Multi-Agent Coordination (2 tasks, Coordination)

Collaborative tasks require synchronization between multiple agents, empha-
sizing role coordination and adaptive decision-making: 1) Coordination Part
1: Pick up a cylinder, place it into a mesh cup, and hand it over to another
robot; and 2) Coordination Part 2: The receiving robot places the cylinder
into one yellow bin, then pours the remaining contents of the mesh cup into
another yellow bin.

These carefully designed benchmarks introduce structured, goal-driven interactions
to test whether a model can seamlessly adapt to real-world applications. To build a
high-quality post-training dataset, we let human operators collect task-specific data
for durations ranging from 15 minutes to 3 hours, depending on task complexity. We
then filter out low-quality trajectories to maintain data integrity. By incorporating
a diverse set of task requirements — spanning precise single-agent manipulation
to complex multi-agent coordination—our benchmark provides a rigorous testbed
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for evaluating generalization, adaptability, and fine-tuned control in human-like
manipulation tasks.

Experiment Setup
Our evaluation experiment consists of post-training GR00T N1 and baseline models
as described in Sec. 7.3 in a data-limited setting and evaluating the policy success rate
in our simulated and real benchmarks described in Sections 7.5 and 7.5, respectively.
By default we use a global batch size of 1024 and train for 60k steps. For the
DexMimicGen Cross-Embodiment Suite, where each embodiment contains relatively
few tasks and the overall training data is limited, we used a smaller batch size of 128
for GR00T-N1-2B.

Baselines To demonstrate the effectiveness of diverse pretraining of GR00T N1,
we compare with two established baselines, BC-Transformer (Mandlekar et al., 2021)
and Diffusion Policy (Chi et al., 2024a). We describe the details of these two methods
below:

• BC-Transformer is a Transformer-based behavior cloning policy in RoboMimic (Man-
dlekar et al., 2021). It consists of a Transformer architecture for processing
observation sequences and a Gaussian Mixture Model (GMM) module for
modeling action distributions. The policy takes 10 observation frames as input
and predicts the next 10 actions.

• Diffusion Policy (Chi et al., 2024a) models action distributions through a
diffusion-based generative process. It employs a U-Net architecture that
progressively removes noise from random samples to generate precise robot
actions conditioned on observation sequences. It takes a single frame of
observations as input and produces 16 action steps in one inference pass.

Evaluation Protocol For simulated benchmark evaluation, we report the average
success rate over 100 trials, taking the maximum score of the last 5 checkpoints,
where checkpoints are written every 500 training steps, following the protocol from
RoboCasa (Nasiriany et al., 2024).

For real robot evaluation, we employ a partial scoring system to capture model
behavior across different execution phases, ensuring a fine-grained assessment of
performance. We report the average success rate over 10 trials for each task, except
for the task of Pack Machinery; for this task, we report the success rate of how
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many objects out of the 5 machinery parts and tools are placed into the bin, given
a time-limit of 30 seconds. We conduct only 5 trials due to the time constraint.
Additionally, to assess the model’s efficiency in a low-data regime, we subsample
10% of the full dataset for each task and evaluate whether the model can still learn
effective behaviors.

Quantitative Results
Pre-training Evaluations To evaluate the generalization capabilities of our pre-
trained checkpoint, we design two tasks on the real GR-1 humanoid robot (Fig. 7.8).
In the first task, the robot is instructed to place an object on the bottom shelf.
However, the object is intentionally positioned to the left of its left hand, requiring
a coordinated bimanual strategy. The robot must first grasp the object with its left
hand, transfer it within reach of the right hand, and then complete the placement
onto the shelf. In the second task, the robot is instructed to place a novel object into
an unseen target container. For each task, we evaluate the pretrained GR00T-N1-2B
model using five different objects, with three trials per object. GR00T-N1-2B
achieves a success rate of 76.6% (11.5/15) in the first coordinated setting and 73.3%
(11/15) in the second setting involving novel object manipulation. 0.5 stands for
grasping the object correctly but failing to place the object into the container. The
high performance under these two evaluation settings illustrates the effectiveness of
large-scale pre-training.

Post-training Evaluations In simulation, we compare the quantitative results
for our post-trained GR00T N1 models against from-scratch baselines in the three
simulation benchmarks (Table 7.2). For each benchmark, we post-train using 30,
100, and 300 demonstrations per task (24 tasks for RoboCasa, 9 tasks for DexMG,
and 24 tasks for GR-1). We observe that GR00T N1 consistently outperforms the
baseline models across benchmark tasks and dataset sizes.

Table 7.2: Simulation results. Average success rate across three simulation bench-
marks, using 100 demonstrations per task. GR00T N1 outperforms both baselines,
especially on the GR-1 task where it outperforms by more than 17 %.

RoboCasa DexMG GR-1 Average

BC Transformer 26.3% 53.9% 16.1% 26.4%
Diffusion Policy 25.6% 56.1% 32.7% 33.4%
GR00T-N1-2B 32.1% 66.5% 50.0% 45.0%
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On the real robot, we compare GR00T-N1-2B against Diffusion Policy, training
on 10% of the human teleoperation dataset and the full dataset (Table 7.3 and
Fig. 7.9). GR00T-N1-2B, achieves a significantly higher success rate across all
tasks, outperforming Diffusion Policy by 32.4% in the 10% Data setting and by
30.4% in the Full Data setting. Notably, GR00T-N1-2B trained on just 10% of the
data performs only 3.8% lower than Diffusion Policy trained on the full dataset,
highlighting its data efficiency.

Table 7.3: Real-world results. Average policy success rate on real-world tasks with
the GR-1 humanoid robots. GR00T N1 beats the diffusion policy baseline and shows
strong results even with very little data.

Pick-and-Place Articulated Industrial Coordination Average

Diffusion Policy (10% Data) 3.0% 14.3% 6.7% 27.5% 10.2%
Diffusion Policy (Full Data) 36.0% 38.6% 61.0% 62.5% 46.4%

GR00T-N1-2B (10% Data) 35.0% 62.0% 31.0% 50.0% 42.6%
GR00T-N1-2B (Full Data) 82.0% 70.9% 70.0% 82.5% 76.8%

Figure 7.9: Neural trajectories ablations. In the RoboCasa simulation, we show
using neural trajectories for post-training across 3 data regimes (30, 100, and 300 per
task). In the real world, we show results only on the low-data regime (10% of the
demonstrations). We co-train wit h 3k neural trajectories per task for RoboCasa and
100 neural trajectories per task for real-world tasks. We explore using both latent and
IDM-labeled actions in simulation and only IDM-labeled actions for the real robot.

Post-training w/ Neural Trajectories Evaluations We show some preliminary
results of using neural trajectories during post-training for the RoboCasa benchmark
for simulation evaluation and Pick-and-Place (seen) and Industrial for the real-
world evaluation in Figure 7.9. We observe that GR00T N1 co-trained with neural
trajectories consistently results in substantial gains compared to GR00T N1 only
trained on real-world trajectories: +4.2%, +8.8%, +6.8% on average for 30, 100, and
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300 data-regimes, respectively, for RoboCasa and +5.8% on average across the 8
tasks with the GR-1 Humanoid.

When comparing LAPA and IDM labels in RoboCasa, an interesting pattern emerges:
LAPA slightly outperforms IDM in the relatively low-data regime (30), but as more
data becomes available (100 and 300), the performance gap between LAPA and IDM
widens. This trend is intuitive — with more data for IDM training, the pseudo-action
labels become increasingly aligned with real-world actions, leading to stronger
positive transfer. Since GR-1 Humanoid is a relatively “high-data” regime for us, we
only utilize IDM actions for neural trajectory co-training in the real world.

Qualitative Results
How does this behavior look qualitatively? To answer this, we consider the task
“Turn Sink Spout” in RoboCasa — in the 100 sample regime, the DP baseline gets
11.8% success rate whereas GR00T N1 gets 42.2%. The DP baseline often gets
confused about the semantics of the tasks. From Table 7.2, we see that GR00T N1
has strong results in the low-data regime. It is natural, in the limit of large fine-tuning
datasets, that the effect of pre-training dwindles.

When prompting the pre-trained GR00T N1 model with the task instruction “Pick up
the red apple and place it in the basket,” one of the tasks in our post-training benchmark,
we observe interesting behavioral patterns. In this scenario, we intentionally position
the apple to the left of the humanoid hand. Despite seeing few similar tasks during
pretraining and exhibiting jerkier motions, the pretrained checkpoint uses its left
hand to grasp the apple, hands it over to the right hand, and then places it into
the basket. In contrast, the post-trained checkpoint fails in this scenario. Since all
post-training data exclusively involve the right hand without any inter-hand transfer,
the post-trained policy loses the capability to perform this behavior.

For post-trained GR00T N1, we observed that, compared to the baseline Diffusion
Policy, its motion is generally much smoother, and its grasping accuracy is significantly
higher. In contrast, the Diffusion Policy baseline suffers from immobility during the
initial frames and frequently exhibits inaccurate grasping, resulting in a low success
rate in our real-world benchmarks.

Limitations
Currently, our GR00T N1 model focuses primarily on short-horizon tabletop manip-
ulation tasks. In future work, we aim to extend its capabilities to tackle long-horizon
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loco-manipulation, which will require advancements in humanoid hardware, model
architecture, and training corpora. We anticipate a stronger vision-language backbone
will enhance the model’s spatial reasoning, language understanding, and adaptability.
Our synthetic data generation techniques — leveraging video generation models
and automated trajectory synthesis systems — have shown great promise. However,
existing methods still face challenges in generating diverse and counterfactual data,
while adhering to the laws of physics, limiting the quality and variability of synthetic
datasets. We aim to enhance our synthetic data generation techniques to further enrich
our data pyramid for model training. Furthermore, we plan to explore novel model
architectures and pre-training strategies to improve the robustness and generalization
capabilities of our generalist robot models.

7.6 Conclusions
We have presented GR00T N1, an open foundation model for generalist humanoid
robots. GR00T N1 features a dual-system model design, leverages heterogeneous
training data, and supports multiple robot embodiments. We systematically evaluate
it as a generalist policy across simulation benchmarks and on the real GR-1 humanoid
robot. Our experiments demonstrate its strong generalization capabilities, enabling
robots to learn diverse manipulation skills with high data efficiency. We hope that
our open GR00T-N1-2B model, alongside its training datasets and simulation envi-
ronments, will accelerate the community’s progress toward building and deploying
generally capable humanoid robots in the wild.
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C h a p t e r 8

CONCLUSIONS AND FUTURE DIRECTIONS

8.1 Summary
This dissertation has examined a unified and scalable recipe for building foundation
agents grounded in three core components: internet-scale multimodal data, LLMs
as the embodied reasoning engine, and unified VLA architectures. Across six
chapters, we have discussed how these ingredients jointly advance the development
of embodied agents that learn continually, generalize broadly, and operate reliably in
complex, open-world environments.

Chapters 2 and 3 focus on leveraging internet-scale multimodal data to endow agents
with broad prior knowledge and diverse behavioral repertoires. Chapter 2 introduces
MineDojo, a framework that combines an open-ended simulation environment
with a large-scale database of videos, tutorials, and wiki knowledge to support
general-purpose skill acquisition. Chapter 3 presents NitroGen, a video-action
foundation model trained on 40,000 hours of gameplay videos across more than
1,000 games, demonstrating the effectiveness of large-scale behavior cloning for
cross-game generalization and transfer.

Chapters 4 and 5 investigate LLMs as the reasoning engine within the percep-
tion–action loop. Chapter 4 describes Voyager, an LLM-powered lifelong learning
agent that autonomously explores, builds a growing skill library, and continually
improves through iterative prompting and environment feedback. Chapter 5 intro-
duces Eureka, a framework that uses LLMs to generate and refine reward functions,
enabling reinforcement learning agents to acquire complex manipulation skills and
providing a gradient-free approach to reinforcement learning from human feedback.

Chapters 6 and 7 develop unified VLA architectures that couple perception, language
grounding, and motor control. Chapter 6 proposes VIMA, a multimodal prompting
formulation and transformer-based agent capable of handling a wide variety of tabletop
manipulation tasks through a uniform sequence modeling interface. Chapter 7
presents GR00T N1, an open VLA foundation model for humanoid robots that
integrates vision, language, and real-time action generation through a dual-system
architecture, demonstrating strong performance across diverse embodiments and
successful deployment on real humanoid platforms.
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8.2 Future Directions
While this dissertation outlines a unified recipe for building foundation agents,
several promising directions remain open for advancing general-purpose embodied
intelligence even further. These directions highlight the need to move beyond
imitation, leverage scalable sources of human behavior, incorporate autonomous
exploration, and fully integrate language-driven reasoning into the lifelong learning
process.

Real-World Data Flywheel for VLA-RL Post-Training
A major limitation of agents trained purely through internet-scale imitation learning is
that they inherit the ceiling of the underlying behavior policy. To achieve competence
beyond what is present in web videos or expert demonstrations, agents must be able
to refine and improve their policies through autonomous interaction. This calls
for a real-world data flywheel for RL atop a VLA foundation model (Amin et al.,
2025). After an initial behavior cloning phase, the model should continue to learn
from its own rollouts, discover new behaviors, and self-correct through iterative
improvement. Achieving this will require a foundation reward model (Zhang et al.,
2025) for robotics, analogous to MineCLIP for MineDojo, capable of assessing
real-world trajectories, guiding exploration, and providing dense, scalable feedback
signals without labor-intensive reward engineering. Such VLA-RL post-training
represents a crucial step toward embodied agents that learn continually and surpass
the limitations of internet-scale demonstrations.

RL in World Models for Efficient Autonomous Improvement
Despite its importance, real-world RL is costly, slow, and equipment-intensive. An
appealing alternative is to perform most of the optimization inside a learned world
model, where agents can explore and improve policies at simulation speed. Recent
advances such as Dreamer 4 (Hafner et al., 2025) and Ctrl-World (Guo et al., 2025)
illustrate the promise of RL in world models. Incorporating VLA architectures into
model-based RL may yield powerful agents that combine the scalability of foundation
models with the closed-loop efficiency of learned dynamics. A compelling direction
is to develop world models tailored for robotics that capture not only physics, but also
objects, affordances, and the semantic structure required for language-conditioned
control. This would significantly reduce reliance on expensive real-world rollouts,
enabling scalable self-improvement beyond imitation.
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Learning from Web-Scale Human Activity Videos
Just as the internet-scale gaming videos enabled the emergence of generalist agents
in MineDojo and NitroGen, web-scale human activity datasets represent a largely
untapped resource for robot learning. Human videos contain rich demonstrations
of manipulation, navigation, tool use, problem-solving strategies, and everyday
task structure in natural environments. Future work may focus on extracting
actionable information from these videos, including inferring fine-grained action
labels, recovering 3D hand-object trajectories, or learning preference signals that
reflect how humans judge success. Beyond direct imitation, these data may also serve
as priors for reward modeling, affordance prediction, skill discovery, or high-level
task scaffolding. Leveraging such vast, weakly labeled corpora would allow robotic
agents to inherit much of humanity’s procedural knowledge, greatly expanding their
initial competence before interacting with the real world.

LLMs for Task Generation, Skill Discovery, and Autonomous Curricula
LLMs have already proven effective at generating rewards and improving agent
behavior through self-refinement. A natural next step is to harness LLMs for
autonomous task generation, environment design, and curriculum learning for
robotics (Liang et al., 2024). Similar to the role LLMs played in Voyager, future
systems may continuously propose new objectives, decompose skills, generate
training scenarios, and identify gaps in the agent’s capabilities. To realize this vision,
robust and expressive simulation environments will be required (Mittal et al., 2025;
Nasiriany et al., 2024), enabling LLMs to construct diverse tasks that are grounded
in realistic physics and manipulable objects. Such closed-loop integration between
LLM-driven reasoning, scalable simulation, and real-world execution could give rise
to agents that continually expand their skill sets without human supervision.

8.3 Closing Thoughts
We are living in a remarkable moment for AI. The release of ChatGPT ignited global
excitement by demonstrating how large-scale models, trained on broad data and
simple objectives, can unlock emergent capabilities far beyond what was previously
thought possible. In robotics, we are collectively working toward an analogous
“ChatGPT moment,” a breakthrough where embodied agents acquire general, reliable,
and scalable competence in the physical world. Realizing this vision will require
embracing the bitter lesson: scalable methods that leverage massive computation,
large datasets, and end-to-end learning ultimately outperform hand-engineered
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pipelines. The research in this dissertation contributes toward this direction by
exploring how internet-scale multimodal data, language-based reasoning, and unified
VLA architectures can serve as the foundation for general-purpose embodied agents.
Although significant challenges remain, the trajectory of progress is accelerating, and
the opportunities ahead are extraordinary. It is an exciting time to contribute to the
future of robotics, and I am optimistic that scalable, principled approaches will bring
us closer to embodied systems that assist and empower people in meaningful ways.
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