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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 di�culty 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 signi�cant 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 su�cient 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 (Garc�a 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 di�cult 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 uni�ed 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 uni�ed Vision-Language-

Action (VLA) models together provide a powerful path toward general, open-ended

intelligence.

The �rst component of this recipe is the use of internet-scale multimodal data as

a training substrate. The internet o�ers 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 con�gurations 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 a�ordances, 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:

ˆ interpret natural language instructions as actionable plans (Huang et al., 2022a),
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ˆ iteratively re�ne their behavior through environment feedback (Huang et al.,

2022b),

ˆ generate reward functions, skill code, or task sca�olds (Ma et al., 2024),

ˆ 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 �nal 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 �uid,

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 uni�ed 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 introducesMineDojo , 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 �exible and scalable agent architecture. We introduceMineDojo , 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. UsingMineDojo '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 speci�ed in free-form language without any manually

designed dense shaping reward.

Chapter 3 presentsNitroGen , 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 uni�ed 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 e�ectively

to unseen games, and outperforms models trained from scratch.

Chapter 4 proposesVoyager , the �rst 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-veri�cation for program improvement.Voyager

interacts with GPT-4 via blackbox queries, which bypasses the need for model

parameter �ne-tuning. The skills developed byVoyager 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 pro�ciency 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 discussesEureka , 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 presentEureka , 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-speci�c

prompting or pre-de�ned reward templates,Eureka generates reward functions

that outperform expert human-engineered rewards. The generality ofEureka 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,

usingEureka rewards in a curriculum learning setting, we demonstrate for the �rst

time, a simulated Shadow Hand capable of performing pen spinning tricks, adeptly

manipulating a pen in circles at rapid speed.

Chapter 6 introducesVIMA , 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 speci�ed by input prompts. Yet task speci�cation in robotics comes in various

forms, such as imitating one-shot demonstrations, following language instructions,

and reaching visual goals. They are often considered di�erent 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 evaluateVIMA ,

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 di�usion transformer module (System

1) generates �uid 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 e�ciency.

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.



7

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 in�nitely 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 in�nitely 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
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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 speci�ed 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

ine�cient for an agent to learn everything from scratch through trial and error. Third,

the agent's architecture needs to be �exible 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 uni�ed 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 e�ectively.

In light of these three pillars, we introduceMineDojo , 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 de�nes no speci�c reward to maximize and no �xed

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 speci�cation,

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 �oors 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 fromMineDojo , 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 e�ectively 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 modi�cations.

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-sourcedMineDojo 's simulator, knowledge

bases, algorithm implementations, pretrained model checkpoints, and task curation

tools athttps://minedojo.org/ . We hope thatMineDojo will serve as an

e�ective 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 o�ers an exciting alternative for open-ended agent learning.

It is a 3D visual world with procedurally generated landscapes and extremely �exible

game mechanics that support an enormous variety of activities. Prior methods in open-

ended agent learning (Eco�et 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

�rst 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 di�erent 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
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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 speci�cally 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 e�orts, 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 Uni�ed-IO (Lu et al., 2022)learn a

single model to solve various decision-making tasks with di�erent control interfaces.

VIMA (Jiang et al., 2023) uni�es 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 �netuned 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 classi�er 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 o�ine 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 o�ers 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 uni�ed

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 con�gure

initial conditions and world settings to standardize our tasks.

With this MineDojo simulator, we de�ne 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-de�ned 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 de�nitions.

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; f S; f R ). G is an En-

glish description of the task goal, such as ��nd material and craft a gold pickaxe.�Gis

a natural language guidance that provides helpful hints, recipes, or advice to the agent.

We leverage OpenAI'sGPT-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.f S: st ! f0; 1g is the success criterion, a deterministic function

that maps the current world statest to a Boolean success label.f R : st ! R is an

optional dense reward function. We only providef R 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 di�erent capabilities system-

atically and comprehensively:
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1. Survival: surviving for a designated number of days.

2. Harvest: �nding, obtaining, cultivating, or manufacturing hundreds of

materials and objects.

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

4. Combat: �ghting various monsters and creatures that require fast re�ex and

martial skills.

Each task template has a number of variations based on the terrain, initial inventory,

quantity, etc., which form a �exible spectrum of di�culty. In comparison, the NeurIPS

MineRL Diamond challenge (Guss et al., 2019a) is a subset of our programmatic

task suite, de�ned by the task goal �obtain 1 diamond" in MineDojo.

Task Suite II: Creative Tasks

We de�ne each creative task as a 3-tuple,T = (G; G; I) , which di�ers 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 �nd 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 de�nitions 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 �nd

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 pro�cient 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 con�dently scale to the full

benchmark.

ˆ 32 programmatic tasks: 16 �standard� and 16 �di�cult,� spanning all 4

categories (survival, harvesting, combat, and tech tree). We rely on our

Minecraft knowledge to decide the di�culty level. �Standard� tasks require

fewer steps and lower resource dependencies to complete.

ˆ 32 creative tasks: 16 �standard� and 16 �di�cult.� 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 �ltering. We collect 33 years worth of YouTube videos, 6K+ Wiki pages,
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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 �lter 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 �netune 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. TheMineDojo 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 inMineDojo to complete

several complex Minecraft tasks. To this end, we propose a novel agent learning

algorithm that takes advantage of the massive YouTube data o�ered byMineDojo .

We note that this is only one of the numerous possible ways to useMineDojo '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 onMineDojo '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 ofMineDojo tasks speci�ed 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-speci�c reward functions to guide random explorations. However,

these rewards are hard or even infeasible to de�ne for our diverse and open-ended

tasks inMineDojo . 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 everyMineDojo 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 signi�cantly outperforms the CLIPOpenAImethod 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 signi�cantly improve RL training e�ciency, 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 de�ned as� R : (G; V ) ! R that

maps a language goalG and a video snippetV to a scalar reward. An ideal� R

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� G that embeds a language goal and a video encoder� V 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� G reuses OpenAI CLIP's

pretrained text encoder, and� V is factorized into a frame-wise image encoder� I and

a temporal aggregator� a 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� a to produce a better video

feature, and �netune only the last two layers of the pretrained �I and �G.
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From theMineDojo 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 �lter. We train two MineCLIP variants

with di�erent types of aggregator� a: (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 ful�ll 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 �netuning. In our experiments (Sec. 2.6), we show that

MineCLIP provides e�ective 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 �nding 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 goalG is �xed for a speci�c task, so the text features� G can

be precomputed to avoid invoking the text encoder repeatedly.

2. Our agent's RGB encoder reuses the pre-trained weights of� I from

MineCLIP. We do not �netune� I during RL training, which saves com-

putation and endows the agent with good visual representations from the

beginning.

3. MineCLIP's video encoder� V is factorized into an image encoder� I and

a light-weight aggregator� a. This design choice enables e�cient 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 betweenMineCLIP's binary
classi�cation 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] andV[1:9] . We can cache the image features of the 7 overlapping

framesV[1] to V[7] to maximize compute savings. If� V 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 bu�er, and alternate between PPO

and self-imitation gradient steps. It further improves sample e�ciency.

2.6 Experiments

We evaluate our agent-learning approach (Section 2.5) on 8 Programmatic tasks and

4 Creative tasks from theMineDojo 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-speci�c 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, �ght 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 di�erent variants of our learned model

a�ect 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%)

ˆ Ours (Attn): our agent trained with the MineCLIP[attn] reward model. For

Programmatic tasks, we also add the �nal success condition as a binary

reward. For Creative tasks, MineCLIP is the only source of reward.

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

ˆ Manual Reward: hand-engineered dense reward using ground-truth simula-

tor states.

ˆ Sparse-only: the �nal binary success as a single sparse reward. Note that

neither sparse-only nor manual reward is available for Creative tasks.

ˆ CLIP OpenAI: pre-trained OpenAI CLIP model that has not been �netuned on

any MineDojo videos.

MineCLIP is competitive with manual reward. For Programmatic tasks (�rst

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 PairedStudent's t-

test to compare the mean success rate of each task (pairing column 3 �Ours (Attn)�

and column 5 �Manual Reward� in Table2.1). The test yields p-value0:3991 � 0:05 ,

which indicates that the di�erence between our method and manual reward is not

considered statistically signi�cant, 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 di�erent

from their real-world counterparts, which causes CLIP to produce misleading signals

worse than no shaping reward at all. It implies the importance of �netuning 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 classi�er 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 theattn 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 e�ective 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 signi�cant visual distribution

shift. We evaluate the learned policy without �netuning on a combination of

unseen weather, lighting conditions, and terrains � 27 scenarios in total. For the

baseline, we train agents with the originalCLIPOpenAI 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. Table2.3shows that while all methods incur performance

drops, agents withMineCLIP 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 �nding 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 �netune) 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 e�ects.

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 of0:3720 � 0:05 , which suggests that the di�erence between the two

training settings is not statistically signi�cant.

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 e�ectively. However, the performance improves substantially by �ne-

tuning with the MineCLIP reward. Here the baseline methods are trained from scratch

using RL with the MineCLIP encoders and reward. Therefore, the only di�erence 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 signi�cantly 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 theMineDojo 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 byMineDojo , we propose MineCLIP as an e�ective 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 howMineDojo 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 o�er 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-speci�c 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.
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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 �ne-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 introduceNitroGen , 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 re�ects 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

bene�ts 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 bene�ts of behavior-cloning

pre-training by post-training our base model on games not seen during training. The

model �ne-tuned from the pre-trainedNitroGen weights shows up to52%relative

improvement in success rates over the model trained from scratch, given a �xed data

and compute budget.

We will open-source theNitroGen dataset, simulator, and pre-trained weights upon

acceptance of the paper. We envisionNitroGen 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-speci�c 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 di�ers 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 di�culty of collecting

action-labeled data and de�ning 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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