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World Models: From System-1 to System-2

2
Yann LeCun. A path towards autonomous machine intelligence. 2022.
Dan Klein and Pieter Abbeel. Introduction to Artificial Intelligence.

World Models:
internal models of how the 

world works

System-1 Agent 
(Reflex):
Not utilize 
the world model nor 
the cost.



World Models: From System-1 to System-2

3
Yann LeCun. A path towards autonomous machine intelligence. 2022.
Dan Klein and Pieter Abbeel. Introduction to Artificial Intelligence.

System-2 Agent 
(Planning):
Act through an 
optimization 
procedure running 
the world model.

Amortized Inference:
A policy module 
mimicking the optimal 
actions



World Models: Applications
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Autonomous Driving
Alex Kendall. CVPR 2023 E2EAD Workshop.

Robotics
Wu, Philipp, et al. CoRL 2022.

Games
Schrittwieser, Julian, et al. Nature 588 (2020).

Large Language Models
Yao, Shunyu, et al. arXiv 2023.



General World Models

6

Any-to-Any Prediction with Any Conditions

Visual Observations

Proprioceptive states

Rewards

Visual Observations

Proprioceptive states

Rewards

Action-
conditioned

Goal-conditioned
(observation, text, etc.)

IntentionDecision

Terminal Signals

Text Descriptions
Text Descriptions

Abstract Representations
Abstract RepresentationsGeneral

World Model

History Outcomes



Life Cycle of A General World Model
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Challenge 1: Scalable architecture for pre-training

Challenge 2: Knowledge transfer from pre-training

Challenge 3: multimodal world model learning

Decision MakingAdaptationPre-training

Common practice: Model-based planning or RL

iVideoGPT

ContextWM

HarmonyDream

× N



Thirty-seventh Conference on Neural Information Processing Systems

Pre-training Contextualized World Models with 
In-the-wild Videos for Reinforcement Learning

Code Available: https://github.com/thuml/ContextWM



Dreamer: An Instantiation of World Models
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Hafner, Danijar, et al. Dream to control: Learning behaviors by latent imagination. ICLR 2020.
Hafner, Danijar, et al. Mastering atari with discrete world models. ICLR 2021.

Representation model: 

Transition model:

Image decoder:

Reward predictor:
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Model Learning 
with Sequential 
Variational Inference

reconstruction loss

KL loss between prior and posterior

Behavior Learning: Purely on imaginary latent trajectories



APV: Action-free Pre-training from Videos
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Seo, Younggyo, et al. Reinforcement learning with action-free pre-training from videos. ICML 2022.

How to represent and acquire prior knowledge for RL?
Learning representations useful for understanding the dynamics 

via generative pretraining on videos



APV: Action-free Pre-training from Videos

11Seo, Younggyo, et al. Reinforcement learning with action-free pre-training from videos. ICML 2022.

Stacked Latent Prediction Model

Action-free
Representation: 

Transition:

Image decoder:

Action-conditional
Representation: 

Transition:

Reward predictor:
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1. Pre-train an action-free latent video 
prediction model

2. Stack an action-conditional model 
when fine-tuned for MBRL

3. Video-based intrinsic bonus for better 
exploration
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Our Work: Towards a General World Model
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General world knowledge for a variety of downstream tasks 
from abundant in-the-wild videos on the Internet

Something-Something V2
Goyal et al. ICCV 2017

Ego4D
Grauman et al., Facebook AI. CVPR 2022

ü  Task-agnostic

ü  Widely available

ü  Broad Knowledge



IPV: In-the-wild Pre-training from Videos
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World
Model

Human
Object

Interaction
Videos

Real-world
Driving
Videos

Human
Motion
Videos

In-the-wild Video Data

Pre-training

Visual Control Tasks

Fine-tuning

Robotic Manipulation

Robotic Locomotion

Autonomous Driving

Towards a general world model:
• How to overcome the visual complexity and diversity? 
• What is the shared knowledge transferable from in-the-

wild video domain to visual control tasks?



Failure of Plain World Models on In-the-wild Videos

14Seo, Younggyo, et al. Reinforcement learning with action-free pre-training from videos. ICML 2022.

Positive
Transfer

No
Transfer

Why pre-training fails?
Seo et al.: Video prediction model suffers
from severe underfitting

Wasting model capacity on modeling 
low-level contextual information!



Contextualized World Models (ContextWM)
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Action-
conditioned

Action-freeMulti-scale
Context

o
t̃

o1 o2 o3

z1 z2 z3

a1 a2 a3
s3s2s1 ŝ4

ô4ô3ô2ô1r̂1 r̂2 r̂3 r̂4

Multi-scale
Context

Cross Attention

o1 o2 o3o
t̃

z1 z2 z3

ô1 ô2 ô3

Step 1. Pre-training with in-the-wild videos 
by action-free video prediction

Step 2. Fine-tuning on downstream visual 
control tasks with MBRL

Overview:
ContextWM empowers the image decoder by 
incorporating a context encoder that operates in 
parallel with the latent dynamics model

ü Less inductive bias

ü Diverse datasets & tasks



Contextualized Latent Dynamics Models

16

Our insight:
Even across distinct scenes (contexts), the environment 
dynamics and physics share a similar structure.

⋯

⋯

a1 a2 a3 aT

r1 r2 rTr3

z1 z2 z3 zT

o1 o2 o3 oTc

Similar 
dynamics

Distinct
contexts



Contextualized Latent Dynamics Models
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⋯

⋯

a1 a2 a3 aT

r1 r2 rTr3

z1 z2 z3 zT

o1 o2 o3 oTc
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⌘icontextualized image losscontext-unaware
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• Learn with ELBO of conditional                                       
without the need to model the context distribution

• Contextualized image decoders with rich information 
beyond the expressiveness of latent variables

• Latent dynamics inference concentrates on essential 
temporal variations
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Contextualized World Models: An Implementation
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Action-
conditioned

Action-freeMulti-scale
Context

o
t̃

o1 o2 o3

z1 z2 z3

a1 a2 a3
s3s2s1 ŝ4

ô4ô3ô2ô1r̂1 r̂2 r̂3 r̂4
Cross Attention

Context formulation:
A random single frame 
from the trajectory 
segment

<latexit sha1_base64="DVQPT0EtKf3WIZ8NHFFwZqbmP/A="></latexit>

c
.
= ot̃, t̃ ⇠ Uniform {T}

By random selection, the 
context encoder learns to be 
robust to temporal variations



Contextualized World Models: An Implementation
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Action-
conditioned

Action-freeMulti-scale
Context

o
t̃

o1 o2 o3

z1 z2 z3

a1 a2 a3
s3s2s1 ŝ4

ô4ô3ô2ô1r̂1 r̂2 r̂3 r̂4
Cross Attention

Multi-scale 
cross-attention:
1. U-Net-style multi-scale 

feature shortcuts

2. Instead of naive 
concatenation forcing a 
spatial alignment, 
adaptive cross-attention 
mechanism is utilized



Contextualized World Models: An Implementation

20

Action-
conditioned

Action-freeMulti-scale
Context

o
t̃

o1 o2 o3

z1 z2 z3

a1 a2 a3
s3s2s1 ŝ4

ô4ô3ô2ô1r̂1 r̂2 r̂3 r̂4
Cross Attention

Dual reward predictors:

• Behavioral reward predictor: 
exploratory reward for behavior learning

• Representative reward predictor: 
pure task reward for task-relevant 
representation learning
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Contextualized World Models: An Implementation
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Overall objective:

Action-
conditioned

Action-freeMulti-scale
Context

o
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Multi-scale
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Experiments: Diverse Datasets & Tasks
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Transfer

Something-Something V2
Goyal et al. ICCV 2017

Human3.6M
Ionescu et al. TPAMI 2014

YouTube Driving
Zhang et al. ECCV 2022

Meta-World
Yu et al. CoRL 2020

DMC Remastered
Grigsby et al. 2020

CARLA
Dosovitskiy et al. CoRL 2017



Main Results: Meta-world
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On six Meta-world tasks, ContextWM achieves significant 

positive transfer (from SSv2) in terms of sample efficiency, 

while a plain WM fails.

(aggregated results)



Main Results: DMC Remastered
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On visual generalization benchmark, 

pre-training from in-the-wild videos (SSv2) 

incurs significant performance boost, 

which is further unleashed by ContextWM.

(aggregated results)

Visual generalization benchmark: Seven visual factors 
randomly initialized on each episode



Effects of Pre-training Dataset Domain 

25

Takeaways:
1. Human-object interaction data (SSv2) are generally beneficial.

2. A more similar domain (e.g. RLBench) is more useful, but more diverse datasets
can serve as promising scalable alternatives.

3. Pre-training data lack of diversity (Human3.6M) can even be harmful.



Qualitative Evaluation: Video Representations
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ContextWM learns representations well distributed according to different 
directions of motion, while not utilizing any labels of the videos in pre-training



Qualitative Evaluation: Video Prediction
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1. Predictions from ContextWM well capture the shape and motion of the water cup. 
2. Cross-attentions from different frames successfully attend to varying spatial 

positions of the context frame.



Qualitative Evaluation: Compositional Decoding
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Excellent 
compositionality
to combine new 
contexts with the 
original dynamics 
by disentangled 
representations



Summary
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• Introduces Contextualized World 
Models (ContextWM) 

• Applies it to the paradigm of In-the-
wild Pre-training from Videos (IPV)

• Followed by fine-tuning on 
downstream tasks to boost learning 
efficiency of MBRL

World Models

Domain-specific 
Data

Latent Dynamics 
Models

Contextualized
World Models

In-the-wild 
Videos

Contextualized 
Latent Dynamics

Towards General 
World Models



Open Source

30

https://github.com/thuml/ContextWM

Unified implementations of DreamerV2, APV, ContextWM in PyTorch



Forty-first International Conference on Machine Learning
ICML 2024

HarmonyDream: 
Task Harmonization Inside World Models

Code Available: https://github.com/thuml/HarmonyDream

*Equal contribution 1School of Software, BNRist, Tsinghua University. 
2Huawei Noah’s Ark Lab. 3College of Intelligence and Computing, Tianjin University.



Video Generation Models as World Simulators?

32
OpenAI. https://openai.com/research/video-generation-models-as-world-simulators
Yann LeCun. https://twitter.com/ylecun/status/1758740106955952191

"Modeling the world for action by generating 
pixel is as wasteful and doomed to failure..."

"It's much more desirable to generate 
abstract representations of those 
continuations that eliminate details in the 
scene that are irrelevant to any action we 
might want to take."

Pixel-Driven   vs.  Objective-Driven

Sora! Abandon
generative models!



A Multi-task View of World Models
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Two key tasks in world models:

• Observation Modeling: how the environment transits and is observed

• Reward Modeling: how the task has been progressed

<latexit sha1_base64="SaqI88f0mvEBB6iGEL3RIVkdv5g="></latexit>
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A Multi-task View of World Models

34
Thomas M. Moerland, Model-based reinforcement learning: A survey, 2023

Unifying MBRL in concept (1/2): Explicit MBRL

• Learns an exact duplicate of the environment 

• Typically dominated by observation modeling
• Limited by environment complexity (irrelevant details!) and model capacity



Unifying MBRL in concept (2/2): Implicit MBRL

• Learns task-centric world models

• Relies solely on reward modeling
• Limited by sparse learning signals

A Multi-task View of World Models

35
Thomas M. Moerland, Model-based reinforcement learning: A survey, 2023

Value equivalence principle: 
Predicted rewards of the world 

model match that of the real 
environment.

Schrittwieser, Julian, et al. Mastering atari, go, chess and shogi by planning with a learned model. Nature 588 (2020): 604-609.



Our Work

36

1. Systematically identify the multi-task essence of world 
models and analyze the deficiencies by task domination.

2. HarmonyDream, a world model learning approach to 
mitigate the domination of either task.

3. Extensive experiments on visual robotic tasks and video 
game benchmarks.

ü Three findings

ü One simple yet 
effective method

ü Eight Domains



Recap: World Model Learning in Dreamer

37
Hafner, Danijar, et al. Dream to control: Learning behaviors by latent imagination. ICLR 2020.
Hafner, Danijar, et al. Mastering atari with discrete world models. ICLR 2021.

Representation model: 

Transition model:

Observation model:

Reward model:
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Dive into World Model Learning
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Typical but suboptimal practice: 
Approximately equal weights

<latexit sha1_base64="Ybbk2zZtAs27ll+ryBogDjfMDk0=">AAAB+HicbVDLSsNAFJ3UV62PRl26GSyCq5CIr02h4MZlBfuANoTJZNIOncyEmYmlhn6JGxeKuPVT3Pk3TtsstPXAhcM593LvPWHKqNKu+22V1tY3NrfK25Wd3b39qn1w2FYik5i0sGBCdkOkCKOctDTVjHRTSVASMtIJR7czv/NIpKKCP+hJSvwEDTiNKUbaSIFdHQeiPg6kqajuOW5g11zHnQOuEq8gNVCgGdhf/UjgLCFcY4aU6nluqv0cSU0xI9NKP1MkRXiEBqRnKEcJUX4+P3wKT40SwVhIU1zDufp7IkeJUpMkNJ0J0kO17M3E/7xepuMbP6c8zTTheLEozhjUAs5SgBGVBGs2MQRhSc2tEA+RRFibrComBG/55VXSPne8K+fy/qLWgEUcZXAMTsAZ8MA1aIA70AQtgEEGnsEreLOerBfr3fpYtJasYuYI/IH1+QN2aJI2</latexit>

wo = wr = wd = 1.0

Potential benefits of multi-task learning yet properly exploited!

Imbalanced nature of world 
model learning

Observation loss: 

Reward loss:

Dynamics loss:
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Task Weighting is Crucial

39

Finding 1. Leveraging the reward loss by adjusting its coefficient in 
world model learning has a great impact on the sample efficiency of 

model-based agents.

Testbed: 
Three manipulation tasks 

from Meta-world (    )
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Dramatically boosted sample efficiency!



Observation Modeling Learns Spurious Correlations
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Finding 2. Observation modeling as a dominating task can result in 
world models establishing spurious correlations without realizing 

incorrect reward predictions.



Observation Modeling Learns Spurious Correlations
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Finding 2. Observation modeling as a dominating task can result in 
world models establishing spurious correlations without realizing 

incorrect reward predictions.

Hallucinations!

How to mitigate this?
Emphasizing 
task-relevant information



Observation Modeling Learns Spurious Correlations

42

Finding 2. Observation modeling as a dominating task can result in 
world models establishing spurious correlations without realizing 

incorrect reward predictions.

Hallucinations!

How to mitigate this?
Emphasizing 
task-relevant information

Properly balancing the reward loss learns task-
centric representations capable of better predicting 

ground truth states



Reward Modeling Alone is Not Enough
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Finding 3. Learning signal of world models from rewards alone 
without observations is inadequate for sample-efficient model-

based learning.

( = 𝟎 )
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L(✓) = woLo(✓) + wrLr(✓) + wdLd(✓) Limited capability of
representation learning…



HarmonyDream
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Harmonious interaction 
between the two world 

model tasks 

Observation 
Modeling

Reward 
Modeling

Facilitates representation learning

Enhance task-centric representations

Our principle: Losses scaled to the same constant

A straightforward but suboptimal approach
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A Variational Approach and Its Rectification
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A "global" reciprocal of 
the loss scale



A Variational Approach and Its Rectification
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i2{o,r,d}

1

�i
Li(✓) + log (1 + �i)

Extremely large coefficient 
hurts training stability 

<latexit sha1_base64="vv7St+0CEVnjVfHc3y4XHufRQZI=">AAACEnicbVC5TsNAEF2HK4QrQEmzIkKCgmAjrjISDQVFkMghxSYab9bOKutDu2tEZOUbaPgVGgoQoqWi429YJy4g4UkjPb03o5l5bsyZVKb5bRTm5hcWl4rLpZXVtfWN8uZWU0aJILRBIh6JtguSchbShmKK03YsKAQupy13cJn5rXsqJIvCWzWMqROAHzKPEVBa6pYPLHyEbcn8ALANcSyiB2wHoPoEeHo9uksPrRG2fR9b3XLFrJpj4Fli5aSCctS75S+7F5EkoKEiHKTsWGasnBSEYoTTUclOJI2BDMCnHU1DCKh00vFLI7ynlR72IqErVHis/p5IIZByGLi6M7tWTnuZ+J/XSZR34aQsjBNFQzJZ5CUcqwhn+eAeE5QoPtQEiGD6Vkz6IIAonWJJh2BNvzxLmsdV66x6enNSqeE8jiLaQbtoH1noHNXQFaqjBiLoET2jV/RmPBkvxrvxMWktGPnMNvoD4/MHz1qcOQ==</latexit>

1/� ⇡ L�1 � 1

<latexit sha1_base64="oLJz4fDeVnXoDmwIuukWHvXzFUY="></latexit>

E [L/�⇤] =
2

1 +
p
1 + 4/E[L]

< 1 Prevent extremely large loss weights



Experiments: Extensive Benchmarks and Tasks

47

Meta-World
Yu et al. CoRL 2020

RLBench
James et al. IEEE RA-L 2020

Distracted DMC Variants
Tassa et al. 2018; Zhang et al. 2018

Atari100K
Kaiser et al. ICLR 2020

Minecraft
Fan et al. NeruIPS 2022



Main Results: Meta-world & RLBench
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By simply adding harmonizers, HarmonyDream demonstrates 

superior performance in terms of both sample efficiency and 

final success rate



Main Results: DMC Remastered
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On visual generalization benchmark, 

HarmonyDream bypasses distractors in 

observations and can learn task-centric 

transitions more easily.
Visual generalization benchmark: Seven visual factors 

randomly initialized on each episode



Generality to Base Model-based RL Methods
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HarmonyDream exhibits excellent generality to DreamerV3, 

significantly boosting sample efficiency. 

Although DreamerPro also leverages a high reward coeff (𝒘𝒓 =

𝟏𝟎𝟎𝟎), HarmonyDream still performs better on average.



Harmony DreamerV3 on Atari100K
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Harmony DreamerV3 

significantly improves 

DreamerV3's performance, 

setting a new state of the art.
Either matching or surpassing DreamerV3 in 

23/26 tested environments.



Harmony DreamerV3 on Minecraft
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Harmony DreamerV3 

successfully learns a 

basic skill Hunt Cow

within 1M interactions, 

while DreamerV3 fails.



Ablation on Rectified Harmonious Loss
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Using a regularization 

term of 𝐥𝐨𝐠 𝟏 + 𝝈𝒊 instead 

of 𝐥𝐨𝐠 𝝈𝒊 is essential to 

maintaining a proper 

balance between tasks.



Comparison to Multi-task Learning Methods
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Takeaways:
1. In world model learning, the data in the replay buffer is growing and non-stationary. 

Learning statistics may not accurately measure learning progress.

2. Loss coefficients in world model learning needs to be properly rectified. Extreme 
loss weights usually leads to inferior performance.

3. HarmonyDream's improvement mainly attributes to balancing two modeling tasks, 
instead of solely tuning the dynamics loss.



Applicability of HarmonyDream
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Typical realistic scenarios:
ü Fine-grained task-relevant observations: 

Robotics manipulation tasks and video 
games require accurately modeling 
interactions with small objects.

ü Highly varied task-irrelevant observations: 
Redundant visual components can easily 
distract visual agents if task-relevant 
information is not emphasized correctly.

ü Hybrid of both: More difficult open-world
tasks (e.g., Minecraft) can encounter both, 
including small target entities and abundant 
visual details.



Summary
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A multi-task view of 
world models

A simple yet effective 
world model learning 

approach

mitigate task 
domination



Open Source
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https://github.com/thuml/HarmonyDream

Unified implementations of DreamerV2 and DreamerV3 in PyTorch
with plug-and-play HarmonyDream



iVideoGPT: Interactive VideoGPTs are Scalable 
World Models

https://thuml.github.io/iVideoGPT



Recap: Towards a General World Model
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General world knowledge for a variety of downstream tasks 
from abundant in-the-wild videos on the Internet

Something-Something V2
Goyal et al. ICCV 2017

Ego4D
Grauman et al., Facebook AI. CVPR 2022

ü  Task-agnostic

ü  Widely available

ü  Broad Knowledge



World Model as Interactive Video Prediction
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<latexit sha1_base64="YVstX9+gPB/oleiOp75kc+DrZLU=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ8OIxgjGBZAmzk9lkyDyWmVkhLPkFLx4U8eoPefNvnE32oIkFDUVVN91dUcKZsb7/7ZVWVtfWN8qbla3tnd296v7Bo1GpJrRFFFe6E2FDOZO0ZZnltJNoikXEaTsa3+Z++4lqw5R8sJOEhgIPJYsZwTaXVN/e9Ks1v+7PgJZJUJAaFGj2q1+9gSKpoNISjo3pBn5iwwxrywin00ovNTTBZIyHtOuoxIKaMJvdOkUnThmgWGlX0qKZ+nsiw8KYiYhcp8B2ZBa9XPzP66Y2vg4zJpPUUknmi+KUI6tQ/jgaME2J5RNHMNHM3YrICGtMrIun4kIIFl9eJo9n9eCyfnF/XmugIo4yHMExnEIAV9CAO2hCCwiM4Ble4c0T3ov37n3MW0teMXMIf+B9/gDfKo4J</latexit>ot =

<latexit sha1_base64="XXO0CpSE0taO+oBqIIygIW7z0N8=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBAEIeyKr4sQ8OIxgnlAsoTZyWwyZHZnnekVwpKf8OJBEa/+jjf/xkmyB00saCiquunuChIpDLrut7O0vLK6tl7YKG5ube/slvb2G0almvE6U1LpVkANlyLmdRQoeSvRnEaB5M1geDvxm09cG6HiBxwl3I9oPxahYBSt1FLdDE+98U23VHYr7hRkkXg5KUOOWrf01ekplkY8RiapMW3PTdDPqEbBJB8XO6nhCWVD2udtS2MaceNn03vH5NgqPRIqbStGMlV/T2Q0MmYUBbYzojgw895E/M9rpxhe+5mIkxR5zGaLwlQSVGTyPOkJzRnKkSWUaWFvJWxANWVoIyraELz5lxdJ46ziXVYu7s/LVZLHUYBDOIIT8OAKqnAHNagDAwnP8ApvzqPz4rw7H7PWJSefOYA/cD5/AH62j4U=</latexit>

ot+1 =

<latexit sha1_base64="gEVMxxvfNvoh8iQd++/xoOoXhOU=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoMgCGE3+LoIAS8eI5gHJCHMTmaTIbOz60yvEJb8hBcPinj1d7z5N06SPWhiQUNR1U13lx9LYdB1v53cyura+kZ+s7C1vbO7V9w/aJgo0YzXWSQj3fKp4VIoXkeBkrdizWnoS970R7dTv/nEtRGResBxzLshHSgRCEbRSq2ol+JZZXLTK5bcsjsDWSZeRkqQodYrfnX6EUtCrpBJakzbc2PsplSjYJJPCp3E8JiyER3wtqWKhtx009m9E3JilT4JIm1LIZmpvydSGhozDn3bGVIcmkVvKv7ntRMMrrupUHGCXLH5oiCRBCMyfZ70heYM5dgSyrSwtxI2pJoytBEVbAje4svLpFEpe5fli/vzUpVkceThCI7hFDy4gircQQ3qwEDCM7zCm/PovDjvzse8NedkM4fwB87nD4A8j4Y=</latexit>

ot+2 =

<latexit sha1_base64="SymvqcIgwpMqZSSr2fj49u73CM0=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWoYKURLxthIIuXFaxF2hDmEyn7dDJJMycCCUUN76KGxeKuPUp3Pk2TtsstPrDwMd/zuHM+YNYcA2O82Xl5uYXFpfyy4WV1bX1DXtzq66jRFFWo5GIVDMgmgkuWQ04CNaMFSNhIFgjGFyO6417pjSP5B0MY+aFpCd5l1MCxvLtHeKnMLoota+YAIKbhxncHvh20Sk7E+G/4GZQRJmqvv3Z7kQ0CZkEKojWLdeJwUuJAk4FGxXaiWYxoQPSYy2DkoRMe+nkhBHeN04HdyNlngQ8cX9OpCTUehgGpjMk0NeztbH5X62VQPfcS7mME2CSThd1E4EhwuM8cIcrRkEMDRCquPkrpn2iCAWTWsGE4M6e/BfqR2X3tHxyc1ys4CyOPNpFe6iEXHSGKugaVVENUfSAntALerUerWfrzXqftuasbGYb/ZL18Q0wyZXp</latexit>

at = (�X,�R)

<latexit sha1_base64="54s5rRJic9suGe0kKh/TKvW/QKo=">AAACBHicbZC7SgNBFIZn4y3G26plmsEgRJSwK94aIaCFZRRzgWRZZiezyZDZCzNnhbCksPFVbCwUsfUh7HwbJ8kWmvjDwMd/zuHM+b1YcAWW9W3kFhaXllfyq4W19Y3NLXN7p6GiRFJWp5GIZMsjigkesjpwEKwVS0YCT7CmN7ga15sPTCoehfcwjJkTkF7IfU4JaMs1i8RN4dAeXZY710wAwa2jDO4OXLNkVayJ8DzYGZRQppprfnW6EU0CFgIVRKm2bcXgpEQCp4KNCp1EsZjQAemxtsaQBEw56eSIEd7XThf7kdQvBDxxf0+kJFBqGHi6MyDQV7O1sflfrZ2Af+GkPIwTYCGdLvITgSHC40Rwl0tGQQw1ECq5/iumfSIJBZ1bQYdgz548D43jin1WOb09KVVxFkceFdEeKiMbnaMqukE1VEcUPaJn9IrejCfjxXg3PqatOSOb2UV/ZHz+ABHFllk=</latexit>

at+1 = (�X,�R)

…

A process of making decisions 
and imagine outcomes:

<latexit sha1_base64="SBaETCjKbKZdM7TUOSwcYQ14X5o="></latexit>

p(oT0+1:T , aT0:T�1 | o1:T0) =
T�1Y

t=T0

p(at|o1:t)p(ot+1|o1:t, aT0:t)
<latexit sha1_base64="K6PrGWIrTUnKAWXpqCtMf4WD+2g="></latexit>

p(oT0+1:T , aT0:T�1 | o1:T0) = p(aT0:T�1|o1:t)p(oT0+1:T |o1:T0 , aT0:T�1)

<latexit sha1_base64="SBaETCjKbKZdM7TUOSwcYQ14X5o="></latexit>

p(oT0+1:T , aT0:T�1 | o1:T0) =
T�1Y

t=T0

p(at|o1:t)p(ot+1|o1:t, aT0:t)

World modelAgent

World modelAgent

A problem with fundamental connection to 
video prediction/generation models, referred to 
as interactive video prediction

Non- (Low-)
interactive

Interactive



Recurrent World Models Have Limited Scalability
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DreamerV3: Naturally allows step-by-step transitions but with limited capability

Sora: Internet-scale video generative models can synthesize realistic long videos

A case study on Minecraft

High-fidelity 
Minecraft  
simulation:

Ground 
truth

Prediction
(DreamerV3-L)



Video Generative Models Have Limited Interactivity
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Autoregressive model: VideoGPT

Masked model: MAGVIT

Diffusion model: Stable Video Diffusion

Typically design non-causal temporal modules

Provide only trajectory-level interactivity

• Allow text/action conditions only at the 
beginning of the video

• Lacking the ability for intervention during 
simulations

• Typically produce videos of a fixed length

Our work: achieve step-level interactivity



iVideoGPT: Interactive VideoGPT
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Overview:
iVideoGPT integrates multimodal signals—visual observations (via compressive 
tokenization), actions, and rewards—into a sequence of tokens, and providing interactive 
experience via next-token prediction of an autoregressive transformer.
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(a) Compressive tokenization (b) Interactive prediction with TransformersCompressive tokenization Interactive prediction with Transformers

ü Scalability

ü Interactivity



Compressive Tokenization
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(a) Compressive tokenization (b) Interactive prediction with Transformers

Transformers particularly 
shine when operating over 

sequences of discrete tokens

Commonly used 
visual tokenizer: 

VQGAN

Context frames independently tokenized:
• Rich in contextual information

• Discretized into      tokens each frame:

• To tokenize future frames as well? Low efficiency!

<latexit sha1_base64="ZJQBxtvqEIrWbSJ47uxOcDubIXc=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PAiyeJYh6QLGF20psMmZ1dZmaFsOQPvHhQxKt/5M2/cZLsQRMLGoqqbrq7gkRwbVz32ymsrK6tbxQ3S1vbO7t75f2Dpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGN1O/9YRK81g+mnGCfkQHkoecUWOlB3LXK1fcqjsDWSZeTiqQo94rf3X7MUsjlIYJqnXHcxPjZ1QZzgROSt1UY0LZiA6wY6mkEWo/m106ISdW6ZMwVrakITP190RGI63HUWA7I2qGetGbiv95ndSE137GZZIalGy+KEwFMTGZvk36XCEzYmwJZYrbWwkbUkWZseGUbAje4svLpHlW9S6rF/fnlRrJ4yjCERzDKXhwBTW4hTo0gEEIz/AKb87IeXHenY95a8HJZw7hD5zPH/UbjOQ=</latexit>

N
<latexit sha1_base64="Yg9AV44S8sN4fi1n1mO4ozllK8A="></latexit>

z(1:N)
t = Ec (ot) , ôt = Dc (zt) for t = 1, . . . , T0

(             for simplicity)
<latexit sha1_base64="d8DFkF3NjG4teiSR4q9lGcO1AqI=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ8OIxQl6QLGF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7gkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7G9zO//YRK81g2zCRBP6JDyUPOqLFSu9F3yR3x+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/Nzp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NbPuExSg5ItFoWpICYms9/JgCtkRkwsoUxxeythI6ooMzahkg3BW355lbQuqt519erxslIjeRxFOIFTOAcPbqAGD1CHJjAYwzO8wpuTOC/Ou/OxaC04+cwx/IHz+QNsU445</latexit>

T0 = 1
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(a) Compressive tokenization (b) Interactive prediction with Transformers
(             for simplicity)

<latexit sha1_base64="d8DFkF3NjG4teiSR4q9lGcO1AqI=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ8OIxQl6QLGF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7gkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7G9zO//YRK81g2zCRBP6JDyUPOqLFSu9F3yR3x+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/Nzp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NbPuExSg5ItFoWpICYms9/JgCtkRkwsoUxxeythI6ooMzahkg3BW355lbQuqt519erxslIjeRxFOIFTOAcPbqAGD1CHJjAYwzO8wpuTOC/Ou/OxaC04+cwx/IHz+QNsU445</latexit>

T0 = 1

<latexit sha1_base64="tE5olXUutkBAlG7454MRjpf1oe0=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEqseCF09SwX5AG8pmO2mXbjZhdyOU0B/hxYMiXv093vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2Mb2d++wmV5rF8NJME/YgOJQ85o8ZKbUl6QpD7frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzcKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7Hcy4AqZERNLKFPc3krYiCrKjE2oZEPwll9eJa2LqndVrT1cVuokj6MIJ3AK5+DBNdThDhrQBAZjeIZXeHMS58V5dz4WrQUnnzmGP3A+fwBesY7Y</latexit>

n ⌧ N

Future frames conditionally tokenized:
• Temporal redundancy between context and future frames

• Discretized into              tokens each frame through 
conditional VQGAN:

• Conditioning mechanism using cross-attention between 
multi-scale feature maps (the same as in ContextWM)

<latexit sha1_base64="p8EUxbO97nUZwXTVR/wVs1+I2BU="></latexit>

z(1:n)t = Ep (ot | o1:T0) , ôt = Dp (zt | o1:T0) for t = T0 + 1, . . . , T

conditional encoder conditional decoder
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(a) Compressive tokenization (b) Interactive prediction with Transformers
(             for simplicity)

<latexit sha1_base64="d8DFkF3NjG4teiSR4q9lGcO1AqI=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ8OIxQl6QLGF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7gkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7G9zO//YRK81g2zCRBP6JDyUPOqLFSu9F3yR3x+uWKW3XnIKvEy0kFctT75a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/Nzp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8NbPuExSg5ItFoWpICYms9/JgCtkRkwsoUxxeythI6ooMzahkg3BW355lbQuqt519erxslIjeRxFOIFTOAcPbqAGD1CHJjAYwzO8wpuTOC/Ou/OxaC04+cwx/IHz+QNsU445</latexit>

T0 = 1

Overall objective:

Benefits:
ü Shorter token sequence, faster rollouts for model-based 

planning and reinforcement learning

ü Maintain temporal consistency of the context much easier 
and focus on modeling essential dynamics information

<latexit sha1_base64="omL8EjKAJ+mMAAyM8i4Pq0oQcIQ="></latexit>

Ltokenizer =
T0X

t=1

LVQGAN (ot;Ec(·), Dc(·))

+
TX

t=T0+1

LVQGAN (ot;Ep (· | o1:T0) , Dp (· | o1:T0))

context frames

future frames
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(a) Compressive tokenization (b) Interactive prediction with Transformers

<latexit sha1_base64="VeeGGm49rT3jDUfl2CnEZjlcCfM="></latexit>

x =
⇣
z(1)1 , . . . , z(N)

1 , [S], z(1)2 , . . . , z(N)
2 , . . . , [S], z(1)T0+1, . . . , z

(n)
T0+1, . . .

⌘

GPT-2 size, 
LLaMA architecture:
Embrace the latest innovations 
for LLM architecture

Total length                                                                 grows linearly with frame numbers but at a 
much smaller rate (              )

<latexit sha1_base64="scwwuBjn962brCYeehedktNj/bs=">AAACDnicbZDLSgMxFIYz9VbrrerSTbAUWkrLjHjbCAU3LkQq9AZtKZk004ZmMkNyRiilT+DGV3HjQhG3rt35NqbtLLT1h8DHf87h5PxuKLgG2/62Eiura+sbyc3U1vbO7l56/6Cug0hRVqOBCFTTJZoJLlkNOAjWDBUjvitYwx1eT+uNB6Y0D2QVRiHr+KQvuccpAWN109nbq9xdwcnjatcu5KShtmAe5KpFY7QV7w8gX3S66YxdsmfCy+DEkEGxKt30V7sX0MhnEqggWrccO4TOmCjgVLBJqh1pFhI6JH3WMiiJz3RnPDtngrPG6WEvUOZJwDP398SY+FqPfNd0+gQGerE2Nf+rtSLwLjtjLsMImKTzRV4kMAR4mg3uccUoiJEBQhU3f8V0QBShYBJMmRCcxZOXoX5Scs5LZ/enmTKO40iiI3SMcshBF6iMblAF1RBFj+gZvaI368l6sd6tj3lrwopnDtEfWZ8/QdCYZg==</latexit>

L = (N + 1)T0 + (n+ 1) (T � T0)� 1

A sequence of tokens:

context frame future frameslot token

Delineate frame boundaries and 
facilitate optional action and reward integration

<latexit sha1_base64="tE5olXUutkBAlG7454MRjpf1oe0=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEqseCF09SwX5AG8pmO2mXbjZhdyOU0B/hxYMiXv093vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2Mb2d++wmV5rF8NJME/YgOJQ85o8ZKbUl6QpD7frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzcKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPEzLpPUoGSLRWEqiInJ7Hcy4AqZERNLKFPc3krYiCrKjE2oZEPwll9eJa2LqndVrT1cVuokj6MIJ3AK5+DBNdThDhrQBAZjeIZXeHMS58V5dz4WrQUnnzmGP3A+fwBesY7Y</latexit>

n ⌧ N



Pre-Training and Fine-Tuning 
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iVideoGPT

Action-free video prediction:
Not trained to generate context frames, 
focusing on dynamics information

<latexit sha1_base64="v53SJngMPpFTyxeQfRrW+txeRRc="></latexit>

Lpre-train = �
LX

i=(N+1)T0+1

log p (xi | x<i)

First token index of predicted frames

Flexibly incorporate extra modalities:
• Action conditioning: linear projection and 

adding to the slot token embeddings
• Reward prediction: linear head to the last 

token’s hidden state of each observation; 
mean-squared error (MSE) loss



Pre-Training Data
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Something-
Something V2

Goyal et al. ICCV 2017

Open X-
Embodiment
Padalkar et al. 2023

Total 1.5 million trajectories:
• Select 35 datasets from OXE, in addition to SSv2, by 

excluding mobile robots, excessive repetition, and low 
image resolutions

• Filter out overlaps with downstream test data
• Sampling weights based on sizes and diversity
• Varied frame step sizes, based on control frequency



Video Prediction
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iVideoGPT provides competitive performance compared to state-of-the-art 
methods, MAGVIT for BAIR and FitVid for RoboNet

Initially pre-trained action-free,
flexibly allows for action-conditioning

Primary experiments at 64×64, 
easily extended to high resolution 256×256

Per-frame tokenization suffers from temporal 
inconsistency and flicker artifacts



Video Samples: Open X-Embodiment (Action-free)
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Left: ground truth, right: prediction. 
Red border: context frames, green border: predicted frames.

Failure cases:
Hallucination

Natural movement diverging from ground truth, without actions



Video Samples: BAIR Robot Pushing & RoboNet
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BAIR Robot Pushing Ebert et al. CoRL 2017  

Action-free Action-conditioned

RoboNet (Action-conditioned) Dasari et al. CoRL 2019  

High 
Resolution:
256 × 256



Zero-shot Prediction & Tokenization Adaptation
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t = 1t = 0 t = 3 t = 5 t = 7 t = 9 t = 11 t = 13 t = 15

Ground 
truth

Predicted 
(w/o fine-tuning)

Predicted 
(tokenizer fine-tuned)

t = 2 t = 4 t = 6 t = 8 t = 10 t = 12 t = 14

Predicted 
(full fine-tuned)

BAIR (action-free)

Zero-shot prediction: 

Interestingly, without any fine-tuning, iVideoGPT can predict natural movements of a robot 
gripper—albeit another one originally from our pre-training dataset.

× Insufficient diversity of pre-training data √ Effectively separates context and motions



Zero-shot Prediction & Tokenization Adaptation
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t = 1t = 0 t = 3 t = 5 t = 7 t = 9 t = 11 t = 13 t = 15

Ground 
truth

Predicted 
(w/o fine-tuning)

Predicted 
(tokenizer fine-tuned)

t = 2 t = 4 t = 6 t = 8 t = 10 t = 12 t = 14

Predicted 
(full fine-tuned)

BAIR (action-free)

Tokenization adaptation: 

After adapting tokenizer, the transformer that is not fine-tuned itself successfully transfers the 
pre-trained knowledge and predicts movements for the new robot type, providing a similar 
perceptual quality as the fully fine-tuned model

√ Lightweight alignment while keeping the transformer intact



Model Analysis
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Takeaways:
1. Pre-training offers minimal benefits with full downstream data available, yet the advantages 

become significant under data scarcity.

2. Larger model sizes and increased computation can build more powerful iVideoGPTs

3. The proposed conditional tokenization slightly compromises reconstruction but significantly 
reduces the number of an autoregressive transformer’s forward passes by 16×.

138M: 12 layers, 768 hidden dim
436M: 24 layers, 1024 hidden dim

Context frames: 16 x 16 tokens
Future frames: 4 x 4 tokens



Visual Planning
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Tian, Stephen, et al. A Control-Centric Benchmark for Video Prediction. ICLR 2023.

Excellent perceptual metrics do not always correlate with 
effective control performance

Goal observation Successful trajectory

Goal observation Successful trajectory

VP2: A control-centric benchmark for video prediction Model-predictive control



Visual Planning: VP2
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iVideoGPT outperforms all baselines in two RoboDesk

tasks with a large margin and achieves comparable average 

performance to the strongest model.



Video Samples: VP2
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RoboDesk

RoboSuite Predicted
natural collision



Visual Model-based RL
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iVideoGPT

EncEnv

!" "

…
Latent Imagination

Enc!Env " !

Standard model-free RL

MBPO
(ours)

Dreamer
backpropagate

!

World model rollouts

Janner, Michael, et al. When to trust your model: Model-based policy optimization. NeurIPS 2019.
Yarats, Denis, et al. Mastering visual continuous control: Improved data-augmented reinforcement learning. ICLR 2022. 

Model-based RL with iVideoGPT:
• Adapted from MBPO: Augments the replay buffer with synthetic rollouts into replay 

buffer to train a standard actor-critic RL algorithm (DrQ-v2)

• Eliminate latent imagination: Decoupling model and policy learning can substantially 
simplify the design space, facilitating real-world applications.



Visual Model-based RL: Meta-world
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• Empowered by iVideoGPT, 
simple MBPO not only 
remarkably improves the 
sample efficiency over its 
model-free counterpart but 
also matches or exceeds 
DreamerV3.

• To our knowledge, the first 
reported success of MBPO 
to visual continuous 
control.

• World models trained from 
scratch can degenerate
the sample efficiency

Six Meta-world manipulation tasks



Video Samples: Meta-world
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True and predicted 
rewards are labeled 
at the top left corner.



Summary
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iVideoGPT

• iVideoGPT, a generic and efficient world model architecture based on compressive 
tokenization and autoregressive transformers

• Pre-trained on millions of human and robotic manipulation trajectories

• Adapted to a wide range of downstream tasks, particularly:
• Accurate and generalizable video prediction
• Simplified yet performant model-based RL



Open Source
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https://github.com/thuml/

iVideoGPT

Pre-trained model and 
inference code released



大数据系统软件国家工程研究中心

清华大学软件学院机器学习课题组
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