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Reasoning = World Model + Search Strategy

2
Why think step by step? Reasoning emerges from the locality of experience. NeurIPS 2023.

Chain-of-Thought = 
Flattened searching trajectory



Reasoning = World Model + Search Strategy

3
DeepSeek-R1 incentivizes reasoning in LLMs through reinforcement learning. Nature 2025.

Mathematical reasoning:
Searching on a model in the mind

A

B
C

If A then B, …
Wait !



Reasoning = World Model + Search Strategy

4
Agent Learning via Early Experience.

Planning:
Searching on a model 
of external world
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Incomplete History of World Models
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Mental Models of Human
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Kenneth Craik
Psychologist
(1943)

“If the organism carries a “small-scale model” of external 
reality and of its own possible actions within its head, it is able 
to try out various alternatives, conclude which is the best of 
them, react to future situations before they arise, utilize the 
knowledge of past events in dealing with the present and the 
future, and in every way react in a much fuller, safer, and more 
competent manner to the emergencies which face it.”

Simulation and Planning:



World Models for AI: From System-1 to System-2
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Yann LeCun. A path towards autonomous machine intelligence. 2022.
Dan Klein and Pieter Abbeel. Introduction to Artificial Intelligence.

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

How the world transits under interventions
f: State × Action → Next State

Interventions



World Models for AI: From System-1 to System-2
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System-2 Agent 
(Planning/Model 
Predictive Control):

Act through an 
optimization procedure 
running the world model.

Amortized Inference
(Model-based RL):

A policy module 
mimicking (distilling) the 
planned optimal actions

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



Planning with World Models
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Optimizing Action Sequence: Once you can evaluate it, you can improve it!

𝑎∗ = argmax
"!:#

	𝔼#$%!,%$~'&(#$,"$)[+*
𝑟*]

Search-based methods (CEM, MPPI, etc.)
Gradient-based planning

LeWorldModel: Stable End-to-End Joint-Embedding Predictive Architecture from Pixels.



Making World Models More Scalable and High-Fidelity
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26M 436M 1.1BModel 
size

Pretraining
Data 200K 1.5M Internet-

scale

ContextWM
(2023)

iVideoGPT
(2024)

Vid2World
(2025)

Pretraining

Post-training RLVR-World
(2025)



Dreamer: An Instantiation of World Models
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Lukasz Kaiser, et al. Model-Based Reinforcement Learning for Atari. ICLR 2020.
Danijar Hafner, et al. Dream to control: Learning behaviors by latent imagination. ICLR 2020.
Danijar Hafner, et al. Mastering atari with discrete world models. ICLR 2021.
Danijar Hafner, et al. Mastering diverse control tasks through world models. Nature 2025.

Model Learning with 
Sequential Variational Inference

Behavior Learning by 
Latent Imagination



Kick Start Video Pre-training: ContextWM (2023)
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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

Video Pre-training for World Models: 
Learning representations useful for understanding the dynamics via 

generative pretraining on abundant in-the-wild videos

Jialong Wu, et al. Pre-training Contextualized World Models with In-the-wild Videos for Reinforcement Learning. NeurIPS 2023.

Positive transfer for 
MBRL sample efficiency



Scalable & Interactive World Models: iVideoGPT (2024)
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Jialong Wu, et al. iVideoGPT: Interactive VideoGPTs are Scalable World Models. NeurIPS 2024.

Encoder

Decoder

!!:#

Encoder

!$

Decoder

[S] [S] [S]

Action
embed.

Action
embed.

Action
embed.

"$ "! "%!$ !! !% !#

[S] [S] [S]

Reward
head

Reward
head

Reward
head

#! #% ##!$! !$% !$#

Tokenize
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iVideoGPT

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

ü Scalability

ü Interactivity

ContextWM based on recurrent networks (RNNs) still lack the scalability 
required by large-scale data…



Scalable & Interactive World Models: iVideoGPT (2024)
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Jialong Wu, et al. iVideoGPT: Interactive VideoGPTs are Scalable World Models. NeurIPS 2024.

Action-free 
video prediction
samples

Total 1.5 million 
trajectories of 
human and robot 
manipulation

Video 
Prediction

Visual Planning

Visual 
Model-based RL

Robot 
Manipulation 
Trajectories

Human 
Manipulation 
Trajectories

iVideoGPT

A versatile foundation 
adaptable for a wide range of 

downstream tasks

Pre-training
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Leveraging Extensive Pre-training: Vid2World (2025)

Siqiao Huang, Jialong Wu, et al. Vid2World: Crafting Video Diffusion Models to Interactive World Models. ICLR 2026.

We are still limited by domain-specific pre-training…
Vid2World transfers the physical priors and generative capabilities learned by 
Internet-scale pre-trained video diffusion models. 

Full-sequence, non-causal, 
passive video diffusion models

Autoregressive, interactive, 
action-conditioned world models
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Leveraging Extensive Pre-training: Vid2World (2025)

Siqiao Huang, Jialong Wu, et al. Vid2World: Crafting Video Diffusion Models to Interactive World Models. ICLR 2026.

Robot manipulation 3D game simulation Open-world navigation

ü Video Diffusion 
Causalization

ü Causal Action 
Guidance
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Post-training World Models with RL: RLVR-World (2025)

Jialong Wu, et al. RLVR-World: Training World Models with Reinforcement Learning. NeurIPS 2025.
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Pre-training: Maximum likelihood estimation (MLE) via cross-entropy loss is 
scalable but often misalign with task-specific goals of world models

• Mean squared error vs. perceptual metrics
• Teacher forcing vs. autoregressive generation
• Non-end-to-end architecture

• Language models: repetition and hallucination
• Video models: blurry predictions

Prediction Metrics as Verifiable Rewards

<latexit sha1_base64="/4qikLM00SAXajOU83EJcFW4nLY="></latexit>

Ri = sign(D) ·D (ŝ0i, s
0)

Post-training: Reinforcement
Learning with Verifiable

Rewards (RLVR)
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Post-training World Models with RL: RLVR-World (2025)

Jialong Wu, et al. RLVR-World: Training World Models with Reinforcement Learning. NeurIPS 2025.

iVideoGPT with RLVR
Sharp training speed up:
More than 1000x!

Reduced Artifacts:
Repetition caused by likelihood-
based objectives
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World Model Utilities: Evaluation, Planning and Improvement

Jialong Wu, et al. iVideoGPT: Interactive VideoGPTs are Scalable World Models. NeurIPS 2024.
Jialong Wu, et al. RLVR-World: Training World Models with Reinforcement Learning. NeurIPS 2025.

Visual Model-based RL with iVideoGPT

iVideoGPT

EncEnv

!" "

…
Latent Imagination

Enc!Env " !

Standard model-free RL

MBPO
(ours)

Dreamer
backpropagate

!

World model rollouts

Real2Sim Policy Evaluation

Model 
Predictive 
Control for 

Web Agents
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Fast-Growing Field of World Models

Post-training VLA with 
World Models

World Model as An 
Environment for 
Policy Evaluation and 
Improvement

Post-training World 
Models with RL
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Fast-Growing Field of World Models

Are We Already Done? 
Humans do not think in terms of 

continuous raw-pixel prediction or algorithmic action optimization
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Contents
Bridging:
• World Models
• Multimodal Reasoning
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Reasoning = World Model + Search Strategy

Flexible and intuitive search



Flexibility

25
DeepSeek-R1 incentivizes reasoning in LLMs through reinforcement learning. Nature 2025.

RL as meta-search: searching the search strategy 
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Reasoning = World Model + Search Strategy

Abstraction and Multimodality



Mental Models of Human
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“The image of the world around us, which we carry in 
our head, is just a model. Nobody in his head imagines 
all the world, government or country. He has only 
selected concepts, and relationships between them, and 
uses those to represent the real system”

Jay Wright 
Forrester
Father of system 
dynamics
(1971)

Abstract Representations:
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Which Representation to Predict?

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."

Raw Pixels   vs.  Abstraction

Genie! Abandon
generative models!
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Abstraction Matters: HarmonyDream (2024)

Haoyu Ma, Jialong Wu, et al. HarmonyDream: Task Harmonization Inside World Models. ICML 2024.

A Multi-task (Multi-modal) View of World Models

• Observation Modeling: how the environment transits and is observed

• Reward Modeling: how the task has been progressed

<latexit sha1_base64="SaqI88f0mvEBB6iGEL3RIVkdv5g="></latexit>

p (ot+1:T | o1:t, a1:T )

<latexit sha1_base64="6BhE6NrHQ4AMqozbC7mc0wcRn+c="></latexit>

p (rt+1:T | o1:t, a1:T )
Adaptive weighting reward 
modeling leads to more 
task-oriented representations
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Abstraction Matters: HarmonyDream (2024)

Haoyu Ma, Jialong Wu, et al. HarmonyDream: Task Harmonization Inside World Models. ICML 2024.

Robotic manipulation

Distracted locomotion

Video games



Different Levels of Abstraction
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A new dimension of world models

World Model Utilities

Ab
st

ra
ct

io
n 

Le
ve

ls

Perception Prediction Planning
3D

Videos

Images

Language

Latents
(maybe JEPA)



Different Levels of Abstraction
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Multimodal world models
Visuals (concrete) + Languages (abstract)

Approximate by

We have no objective signals in the wild!
How to learn abstract latent embedding 

at scale?

JPEA?



Dual-Coding Theory of Human Cognition
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Allan Paivio
Professor of psychology

Mind processes 
information along two 

different channels:
verbal and nonverbal.



Language as Abstract Representation of World States
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Advantage of language:
ü Semantic Abstraction

(discarding irrelevant details)
ü Temporal Abstraction

(learning hierarchical policies)
ü Interpretability
ü Prior knowledge from LLMs

Reasoning with Language Model is Planning with World Model. EMNLP 2023.
Mohit Shridhar, et al. ALFWorld: Aligning Text and Embodied Environments for Interactive Learning. ICLR 2021.



Chain-of-Thought Reasoning with Verbal World Models
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World modeling as an inherent capability rather than a separate model.
During CoT reasoning, LLM/VLMs explore, reflect, and backtrack within the structured 
solution space, guided by their world knowledge.

Planning with reasoning using vision language world model.
Revisiting the necessity of lengthy chain-of-thought in vision-centric reasoning generalization.
DeepSeek-R1 incentivizes reasoning in LLMs through reinforcement learning.
Agent learning via early experience.



Chain-of-Thought Reasoning with Verbal World Models
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World modeling as an inherent capability rather than a separate model.
During CoT reasoning, LLM/VLMs explore, reflect, and backtrack within the structured 
solution space, guided by their world knowledge.

CWM: An Open-Weights LLM for Research on Code Generation with World Models



Expert Performance in Formal and Abstract Domains
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Mathematics and Coding



Grounding Also Matters: 
Visual Generation for Reasoning (2026) 

38Jialong Wu, et al. Visual Generation Unlocks Human-Like Reasoning through Multimodal World Models. arXiv 2026.

A perspective on:
1. What is multimodal world models and why do we need it?
2. When and how does visual generation benefit reasoning?



Multiple Observations of the World

39

Underlying world states can be 
observed through multiple 
modalities with different focus.

Multimodal world models 
approximate MOMDP:

different observations (views) 
parameterized by 

<latexit sha1_base64="7dVW41NQucvB4k1vBx+FOZT7fHc="></latexit>

ω

<latexit sha1_base64="LHnvpaXctiMvCHMo1jVbsMvUQEQ="></latexit>

M = (S,A, p,!,Oω, eω)

Jialong Wu, et al. Visual Generation Unlocks Human-Like Reasoning through Multimodal World Models. arXiv 2026.



Atomic Capabilities of World Models

41

World Reconstruction: reconstructing the environment structure from a few observations

Experience of navigating the world

<latexit sha1_base64="7YPk7LSBEW+2oZUcegCK4IpLPJE="></latexit>

ŝ = enc (oω1 , . . . , oωn) → s
<latexit sha1_base64="Qx/n6JjFf/z96oNmijSvpAHeN4E="></latexit>

ôωn+1 = dec (ŝ,ωn+1) → eωn+1(s)

Perception:

Decoding:

End-to-end
<latexit sha1_base64="fr91DXMzx0UY88r030VxHRxYSwg="></latexit>

pω
(
oεn+1 | oε1 , . . . , oεn

)Novel view synthesis

Jialong Wu, et al. Visual Generation Unlocks Human-Like Reasoning through Multimodal World Models. arXiv 2026.



Atomic Capabilities of World Models
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World Simulation: simulating how the world evolves into the future

<latexit sha1_base64="7YPk7LSBEW+2oZUcegCK4IpLPJE="></latexit>

ŝ = enc (oω1 , . . . , oωn) → sPerception:
End-to-end

<latexit sha1_base64="lbiTF3jK8j6l6frw0RsHjYeC0+8="></latexit>

ŝ→ → pred(ŝ, a)Prediction:

Experience of interacting with the world

Future observation prediction
<latexit sha1_base64="qY+cLmnfbXqIkYFRnixPoi28VxY="></latexit>

pω (ot+1 | o→t, a→t)

Jialong Wu, et al. Visual Generation Unlocks Human-Like Reasoning through Multimodal World Models. arXiv 2026.



Reasoning with World Modeling
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<latexit sha1_base64="hHWyWiEUJjk2i7Dt4viJQlNH44w="></latexit>

R = ω1, ω2, . . . , ωH
<latexit sha1_base64="fFYjJhUU4vw1w0Ti3BcjDGIYv58="></latexit>

R = (r1, o1) , (r2, o2) , . . . , (rH , oH)

Chain-of-thought reasoning
Explicitly maintain evolving observations, 
generated by world modeling capabilities, 

as evidence of reasoningRefine

Intermediate steps Logical reasoning step Observation

Jialong Wu, et al. Visual Generation Unlocks Human-Like Reasoning through Multimodal World Models. arXiv 2026.



Reasoning with World Modeling
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Implicit world modeling: purely verbal CoTs, with no explicit observation generated

Verbal world modeling: purely verbal CoTs, with observations as verbal descriptions

Visual world modeling: interleaved verbal-visual CoTs, with observations as imagesObservation

<latexit sha1_base64="3Xd5i6lhu0Ok8DphFbUCzgqOsbU="></latexit>

R = [(ri, oi)]

Jialong Wu, et al. Visual Generation Unlocks Human-Like Reasoning through Multimodal World Models. arXiv 2026.



Generated Interleaved CoTs
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The Visual Superiority Hypothesis

46

Informativeness Prior Knowledge

The Visual Superiority Hypothesis
In multimodal reasoning tasks grounded in the physical world, visual generation as a 
world model yields representations that are more informative and knowledge-rich
than those produced by verbal world models.

(Information theoretical analysis) (Transfer learning analysis)

Verbal representations
suffer from ambiguity
and representational 
bottlenecks

Humans naturally 
represent and 
communicate certain
knowledge visually

Jialong Wu, et al. Visual Generation Unlocks Human-Like Reasoning through Multimodal World Models. arXiv 2026.



Key Findings
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Jialong Wu, et al. Visual Generation Unlocks Human-Like Reasoning through Multimodal World Models. arXiv 2026.

VisWorld-Eval: Task Suite for Reasoning with Visual World Modeling

Paper Folding Q: How many cutouts are there 
in the unfolded paper? A: 15

Multi-Hop Manipulation
Q: Starting with the initial arrangement, perform the following:
1. Place a red cylinder to the left of the black cylinder.
2. Swap the colors of the orange cylinder and the black cylinder.
After these operations, what is to the left of the orange cylinder?
A. black sphere, B. white sphere, C. yellow cylinder, D. red cylinder.

Ball Tracking
Q: Given a red point-mass ball that moves at 
constant speed, reflects perfectly off solid 
walls, and follows the initial direction 
indicated by an green arrow, determine which 
numbered hole at the top it will enter first. A: 1

Cube 3-View Projection

Q: How many cubes in 
dark violet can possibly be 
seen from the back view?
A. 0, B. 2, C. 3, D. 9.

Real-World Spatial Reasoning
Q: Which direction is the 
black door relative to me 
when I am taking Image 2?
A. Behind, B. Left,
C. Front, D. Right

Maze
Q: Navigate the 
maze from the red 
dot to the blue X.
A: (4, 5), (5, 5),
(5, 4) …

Sokoban
Q: Guide the player 
to push the box onto 
the goal position.
A: Down, Right,
Down, …

World Simulation

World Reconstruction

1. Visual World Simulation Boosts 
Multimodal Reasoning

2. Visual World Reconstruction 
Boosts Multimodal Reasoning

3. Visual World Modeling is 
Unhelpful for Certain Tasks

4. Do UMMs Compromise Verbal 
Reasoning Capabilities and 
Bias Comparisons? No

5. RL Enhances Various CoTs, 
Yet Does Not Close the Gap.



Different Levels of Abstraction
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A new dimension of world models

World Model Utilities

Ab
st

ra
ct
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ls

Perception Prediction Planning
3D

Videos

Images

Language

Latents
(maybe JEPA)

Alignment and Interaction
between different levels



π0.7
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Higher abstraction Lower abstraction



The Gap Remains Large
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Grounding

Abstraction

Embodied reasoning, 
Subtask planning, 

Code as policy

Thinking with visuals (images/videos/3D)
WAM (vs. VLA)



Baby Performance in Physical and Spatial Reasoning
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Has GPT-5 Achieved Spatial Intelligence? An Empirical Study
BabyVision: Visual Reasoning Beyond Language

Struggle with tasks grounded in basic physical and spatial intuition 
that even young children naturally master



Bridging World Models and Multimodal Reasoning
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Reasoning = World Model + Search Strategy

Flexible and intuitive searchAbstraction and multimodality

Unified Model



Thank You for Your Attention!

manchery.github.io


