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LLMs now support wide range of real-world tasks

• Core capability is simulating the next word in human language

Common conversation Computer Use

Software Development Web Browsing

And many more… 2



However, language is just a tiny slice of the world

Common 
conversation

Computer 
Use

Software 
Development

Web 
Browsing

Lingual World

Physical World

Social World

Natural World

Math, code, dialogue

Objects, motions, affordances

Agents, teams, incentives

Ecosystems, bio-organisms

Strategy
Choosing interventions 
to shape the world(s)
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How well do LLMs understand the physical world?
• A) place water bottle 

on table
• B) move water bottle 

towards blue snack 
packet

• C) move water bottle 
near rxbar chocolate

• D) put water bottle next 
to remote control

Given 𝑠𝑡  and 𝑠𝑡+1, what could be the 
action that translates 𝑠𝑡  to 𝑠𝑡+1? 

Groundtruth: C

T. B., …, M. D., …, M. L. ActionEQA (under review) 4

Gemini-2.5-Pro: B



How well do LLMs understand the physical world?

Groundtruth: C

5T. B., …, M. D., …, M. L. ActionEQA (under review)

Gemini-2.5-Pro: D



Humans consist of a hierarchy of capabilities
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Prophecy

Strategy

Tactics

Logistics

Interact/Collaborate

Act/Execute

Plan

Logic/Reason

Write/Speak/Draw

Read/Listen/Watch

?

G
P

Ts/LLM
s

Concrete

Abstract



Dune series imagines such a possibility

• Influenced works such as Star Wars and Miyazaki’s Valley of the Wind

7

Novels Films

Part 3 
coming 
soon!



Dune is centered around the Kwisatz Haderach

• A person born to inherit the 
experience of all their ancestors

• This gives them extraordinary 
capabilities 

• They can lead armies across the 
galaxy and direct planet-scale 
projects 

• Their power comes from mentally 
simulating many possible futures 
and choosing the best path

• In the story, this culminates in a 
plan to steer humanity towards a 
freer, less predictable future
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Is such a superhuman possible?

• Maybe not literally, but system with 
similar functions

• Going up a hierarchy of abilities, from 
low- to high-level

• Each can be viewed as goal-directed 
behavior in an environment 

• Can one model, or at least 
one integrated system, 
support it?
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Functions of a 
SuperhumanProphecy

Strategy

Tactics

Logistics

Interact/Collaborate

Act/Execute

Plan

Logic/Reason

Write/Speak/Draw

Read/Listen/Watch



A possible definition of an optimal agent
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Resulting in the following decision rule:

𝜋𝜇
∗(𝑠𝑡) = arg max

𝑎𝑡:𝑇−1

෍

𝑠𝑡+1:𝑇

෍

𝑘=𝑡

𝑇−1

𝛾𝑘𝑟(𝑔, 𝑠𝑘) + 𝛾𝑇𝑉𝜋,𝜇
𝑔

(𝑠𝑇) ෑ

𝑖=𝑡

𝑇−1

𝑝𝜇 𝑠𝑖+1 𝑠𝑖 , 𝑎𝑖)

The optimal agent maximizes 
the expected chance of 
success in achieving the goal:

𝜋𝜇
∗  ≔ arg max𝜋 𝑉𝜋,𝜇

𝑔
possible actions

environment 
responsegoal progress

𝜋 Agent

𝑎𝑡 𝑠𝑡+1 GoalWorld State 𝑔𝑠𝑡

𝑇

𝜇 Critic𝑉



World model is necessary for general decision-making
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However, the world state 𝑠 and universe 𝜇 are not 
always available to experience/experiment.
A world model is thus crucial to predicting the 
environment’s behavior for a general agent

Advantage: Allows simulative reasoning -
-  based on all possible outcomes from 
hypothetical actions.

Coincides with reasoning pattern in Dune

𝜇inaccessible

𝜋 Agent

𝑎𝑡
′ Ƹ𝑠𝑡+1

′
Goal

Critic

𝑓

𝑉

Belief 𝑔

𝑇
𝑜𝑡

World Model

Ƹ𝑠𝑡

Encoder ℎ

agent estimation 
of world state

Observation

𝑇′

𝑎𝑡

continuous or discrete 
internal representations

sensory data contains 
incomplete information

actual action

simulative reasoning to 
find the best action



Roadmap for today

1. What is a world model? How should we build it? 
2. An example of world model for agentic reasoning
3. A general-purpose physical world model for simulative planning
4. An agentic LLM that self-regulates when and how to use 

planning

12



What is a world model?

• A generative model that simulates possibilities in the world

14E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)

Physical mechanics Embodied experience

Social experience

Emotional experience

Mental world Evolutionary World



World model enables reasoning by simulation

• WM Output: Next world state conditioned on previous world state and action

• When a machine does “Thought Experiments”: reasoning-via-simulation

previous state actionnew state

Goal

Current state
• Simulate plans with world model

• Choose the best plan

E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025) 15



World model enables reasoning by simulation

• WM Output: Next world state conditioned on previous world state and action

• When a machine does “Thought Experiments”: reasoning-via-simulation

previous state actionnew state

Goal

Current state

A special case

Monte Carlo Tree Search 

(MCTS) with a known (trivial) 

world model

16E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Potential use cases for simulative reasoning

Goal

Current state

A special case

Monte Carlo Tree Search 

(MCTS) with a known (trivial) 

world model

• WM Output: Next world state conditioned on previous world state and action

• When a machine does “Thought Experiments”: reasoning-via-simulation

previous state actionnew state
Self-driving with ensured safety by 

forecasting future street scenarios

Developing battle-winning tactics by 

anticipating the outcomes of actions 
Billions of years 

in Earth’s evolution

v.s.

Moments in a Martian 

civilization

17E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Key to building general world model
1. General representation space for the latent world state
2. Architecture that effectively reasons over the representations

3. Objective that efficiently trains the world model
4. Methods for using the world model in a decision-making system

18
𝜇

𝜋 Agent

𝑎𝑡
′ Ƹ𝑠𝑡+1

′
Goal

Critic

𝑓

𝑉

Belief 𝑔

𝑇
𝑜𝑡

World Model

Ƹ𝑠𝑡

Encoder ℎ

Observation

𝑇′

𝑎𝑡

E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



The world model landscape
• Gaming world models: Genie-3, etc.

• Simulate 3D environments with console-like controls
• Limited domain, consistency, and action control

• 3D scene world models: Marble, etc.
• Stylized 3D scene generation and navigation
• Incomplete world: environment only, no other agents;

do not allow interactions beyond simple navigation

• Physical world models: Cosmos-Predict-2.5, etc.
• Specialized for auto-driving or specific robotic control

• Video generation models: Sora (RIP), Veo 3, etc.
• No interactions allowed, not qualified as world models for reasoning

• Joint embedding predictive models: V-JEPA 2, etc.
• Toyish environments and tasks; general usability unclear

19

➢ World models are not video generators, but sandboxes for thought experiments 
➢ Focus is on actionable understanding E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



A frequently-heard school of thought regarding world model

1. Sensory data > text: bigger data volume

2. Continuous embeddings > discrete tokens: easier gradient-based optimization

3. Autoregressive, generative models (e.g., LLMs) are doomed: compounding errors

4. Data reconstruction objectives are wrong: irrelevant details

5. Model-predictive control (MPC) > reinforcement learning (RL): RL needs many trials

20Y. L. A Path Towards Autonomous Machine Intelligence (2022)



Critiques of World Modeling

22

Key desiderata in building a WM: data, representation, model, loss, usage



Data: Information density, not just volume

23E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)

• WM needs to be trained from sensory inputs

• Why: More raw data than text

• Use all modalities of experience
• Why: Different layers of 

experience

• What (example): Text, videos, 
embodied interactions

• How (example): Dense video 
captions (e.g., motions, events, 
new objects)

?

!
Text has higher information density than video

Language captures human’s abstraction of the 

world

Language encodes concepts like goals, norms, 

regrets, and justice

Natural interface for reasoning and action

Text

Vision

Audio

Perceptions/Experiences Actions/Means/Tools



Representation: Continuous? Discrete? Or both?
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• World states should be represented using 

continuous embeddings

• Why: To enable gradient-based optimization

• Need stateful, semantic latent space 
that supports memory and reasoning

• Continuous / discrete depends on what 
works, not just ease of learning

• Language (e.g., LLM) and learned 
tokenizers (e.g., VQ-VAE) are effective 
for modeling concepts

• How: Mixed representation
• Example: Continuous embeddings + 

discrete tokens

?

! Raw sensory inputs are noisy and highly variable

Humans reason by compressing perception into 

discrete concepts

input video

joint 
embedding

Action classification accuracy (50 classes): 
JEPA: 58% v.s. standard VLM: 74%

Sensors
(video, audio, smell, …)

Fixed-Size, 
Continuous Sensory 

Embeddings

Ca
t

Dog

Labrado
r

Vocabulary

Embeddings Concept Tokens

𝑜

𝒱

Ƹ𝑠

ℎ

E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Why do discrete representations work? 

• Intuitively, discrete tokens should lose information due to compression
• However: Theory shows we can either learn a larger vocabulary or find a 

longer language expression

25
Increase code length

Scaling Up

Scaling Out

brown-fox jumps-overThe the-fence

The …brown fox jumps over the fence

𝒱

𝒱

Fixed-Size, Continuous 
Sensory Embeddings

Sensors
(video, audio, …) 𝑜

Encoder ℎ

Ƹ𝑠 Increase vocabulary size

• Specifically: Scaling out expressivity by increasing 
encoding length is more efficient

• Implication: LLM-like token generation is an 
effective way for scaling representations

E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Theoretical result on scaling discrete codes (a.k.a. language)

Theorem 1 (Completeness of Language Representation). Assume real-valued 
inputs 𝒙 = [𝑥1, … , 𝑥𝑇], where 𝑥𝑡 ∈ ℝ𝐷  and 𝑥𝑡 < 𝐾. For any 𝜖 > 0, there exists 
a language with vocabulary 𝒱, maximal length 𝑁 < ∞, and a mapping function 
𝑓𝜖: ℝ𝑇𝐷 → 𝒱𝑁  such that for all 𝒙, 𝒙′ ∈ ℝ𝑇𝐷, 𝒙 − 𝒙′ > 𝜖 ⇒ 𝑓𝜖 𝒙 ≠ 𝑓𝜖 𝒙′ . 

Explanation: If you have a sequence of continuous sensor readings or data 
points, no matter how small a difference you want to be able to distinguish 
between two sequences, you can always create a language (a system of words 
or symbols) that can represent these sequences uniquely

26E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Key Insight: Way more efficient to scale out

• Proof Sketch. We will prove the contrapositive: 
𝑓𝜖 𝒙 = 𝑓𝜖 𝒙′ ⇒ 𝒙 − 𝒙′ ≤ 𝜖

Specifically, we propose two ways to scale the discrete code:

27

Case 1 (Learning a Modality Tokenizer). Keep 
the code length constant at 𝑇, increase the 

vocabulary size to 𝑀𝜖 = 𝑇𝐷 ෩𝐾 ǁ𝜖−1 𝐷
 (i.e., 

scaling up)

The vocabulary size must grow in 

𝒪( 𝑇𝐷 𝐷), i.e., exponentially with the input 
size you’d like to capture!

Case 2 (Finding a Language Expression). Keep the 
vocabulary size constant at 𝑀, increase the word 
sequence length to 𝑁𝜖 = 𝑇𝐷 log𝑀 𝑇𝐷 ෩𝐾 ǁ𝜖−1  
(i.e., scaling out)

The sequence length need only increase in 
𝒪(𝑇𝐷 log 𝑇𝐷), which is much more manageable

In practice, it’s possible to do both at the same time (i.e., continuously 
grow vocabulary while dynamically resizing the code)

E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Architecture: Autoregressive generation is not the enemy

28

• Abandon autoregressive generation; replace 

with JEPA-style encoder-encoder setup

• Why: 1) avoid error compounding, 2) absorb 

signal variability

• Alternative: Generative Latent 
Prediction (GLP)

• Closed-loop: Encoder -> enhanced LLM 
backbone -> decoder

• Mixed, hierarchical latent state
• Continuous: via diffusion model for low-

level perception
• Discrete: modality-specific or language 

for mid-/high-level reasoning via LLM-
based backbone

• No generation  
Better structured generation 

?

! Any world model, including JEPA, is autoregressive 

and generative

Encoder-encoder changes prediction target, but not 

the core problem

Latent-only prediction can introduce indeterminacy

𝑜

Encoder ℎ

Ƹ𝑠 World Model 𝑓 Ƹ𝑠′

𝑎Fixed-Size, Cont’s, 
Abstract Embeddings

Deterministic Next-
Embedding Prediction

𝑜′

Ƹ𝑠′∗

Encoder ℎ

An Encoder-Encoder Architecture

𝑜

ℎ

Ƹ𝑠𝑖 𝑓 Ƹ𝑠𝑖
′

𝑎

Decoder g

ො𝑜′Enhanced 
LLM + 

Diffusion

Generative 
Reconstruction

𝑁 Ƹ𝑠 𝑁 Ƹ𝑠′

Hierarchical latent spaces for 
reasoning at higher semantic level E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Objective: Train against the world, not just the latent
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• Avoid data reconstruction; use energy-based 

next-latent prediction objectives

• Why: more tractable training

• Use generative loss grounded in 
observed evidence:
ℒgen ℎ, 𝑓, 𝑔 = 𝔼(𝑜,𝑎,𝑜′)~𝒟 𝑔 ∘ 𝑓 ℎ 𝑜 , 𝑎 − 𝑜′ .

• Why: Compared to latent loss, 
inherently prevents collapse and 
encourages meaningful latents

• See next slide for theoretical 
proposition

?

! Latent loss is a lower bound of generative loss plus a 

small roundtrip reconstruction error 𝜖:

Minimizing latent loss thus doesn’t guarantee 

consistency with observed data (proof in paper)

𝑜

Encoder ℎ

Ƹ𝑠 World Model 𝑓 Ƹ𝑠′

𝑜′

𝑠′∗

Encoder ℎ

Ƹ𝑠′ − 𝑠′∗

𝑎

Reconstruction Loss in 
Latent Space

regularizations
𝐼(𝑠′∗)𝐼( Ƹ𝑠)

ℒlatent ≤ ℒgen + 𝜖
Task-relevant info missing 

from encoder

ℒgen + 𝜖

ℒlatent

Encoder-decoder 
reconstruction error (small)

𝑁 Ƹ𝑠 𝑁 Ƹ𝑠′

𝑜

ℎ

Ƹ𝑠𝑖 𝑓 Ƹ𝑠𝑖
′

𝑎

Decoder g

ො𝑜′ 𝑜′ො𝑜′ − 𝑜′

Generative loss

E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Theoretical result on latent reconstruction vs. generative loss

Proposition 1 (Collapse of Latent Reconstruction 
Loss). Given functions ℎ: 𝒪 → 𝒮, 𝑓: 𝒮 × 𝒜 → 𝒮, and 
latent reconstruction loss:

ℒlatent ℎ, 𝑓 = 𝔼(𝑜,𝑎,𝑜′)~𝒟 𝑓 ℎ 𝑜 , 𝑎 − ℎ(𝑜′) ,

There exists (ℎ∗, 𝑓∗) and 𝑐 ∈ ℝ𝑑, such that ℎ∗ 𝑜
= 𝑐 for all 𝑜 ∈ 𝒪 and 𝑓∗ 𝑐, 𝑎 = 𝑐 for all 𝑎 ∈ 𝒜, 
such that:

ℒlatent(ℎ∗, 𝑓∗) = min
ℎ,𝑓

ℒlatent ℎ, 𝑓 .

Explanation: If you have an encoder and a world 
model, and you train it using the latent 
reconstruction loss, there is a cheat configuration 
for the model to minimize the loss while learning 
nothing about the true dynamics.

Proposition 2 (Non-collapse of Generative Loss). 
Given functions ℎ:  𝒪 → 𝒮, 𝑓: 𝒮 × 𝒜 → 𝒮, 𝑔: 𝒮 → 𝒪, 
and generative loss:

ℒgen ℎ, 𝑓, 𝑔 = 𝔼(𝑜,𝑎,𝑜′)~𝒟 𝑔 ∘ 𝑓 ℎ 𝑜 , 𝑎 − 𝑜′ ,

Assuming ∃ 𝑜1, 𝑎1, 𝑜2 , 𝑜3, 𝑎3, 𝑜4 ∈ 𝒟 such that 𝑜2
≠ 𝑜4, then given (ℎ′, 𝑓′), fixed 𝑔′ and 𝑐 ∈ ℝ𝑑  such 
that ℎ′ 𝑜 = 𝑐 ∀𝑜 ∈ 𝒪 and 𝑓′ 𝑐, 𝑎 = 𝑐 ∀𝑎 ∈ 𝒜, 
there exists (෨ℎ, ሚ𝑓) such that: 

ℒgen ෨ℎ, ሚ𝑓, 𝑔′ < ℒgen ℎ′, 𝑓′, 𝑔′

Explanation: If you add a decoder to the model 
and train it with the generative loss, assuming the 
data contains different next-observation targets, 
there will always be another set of encoder and 
world model that gets lower loss than the previous 
cheat configuration.

30E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Usage: not just MPC, but learning from simulated experience

31

• Abandon reinforcement learning (RL); adopt 

model-predictive control (MPC) 

• Why: fewer trials required during training

• Learn from experience: Use world 
model to generate trajectories

• How: Train agent from experience 
using RL

• Agent model may include world model and 
MPC for precise planning

• Advantage: No fixed planning horizon, flexible 
decision-making up to 100s of steps

• Examples: o1/o3/R1 are special cases in math & 
coding

?

! MPC can help, but it’s computationally expensive

Usually plans only in fixed, short horizons

Promising in simple settings (e.g., Go) but struggles 

in real-world tasks (e.g., customer service) requiring 

flexibility

𝑜1

Encoder ℎ

Ƹ𝑠1 World Model 𝑓

𝑎1

Ƹ𝑠2 𝑓 … Ƹ𝑠𝑇

𝑎2 Goal 𝑔

Simulate next latent 
states using WM

Simple action 
initialization

Optimize actions 
based on objective

𝑁1 𝑁2

𝑜1

ℎ

Ƹ𝑠1𝑖 𝑓 Ƹ𝑠2𝑖

𝑎1

𝑓 …
𝑁𝑇

Ƹ𝑠𝑇𝑖

𝑎2

Agent 
Model (𝜋)

Goal (𝑔)
𝜋

World model 
simulates 

experience

Optimize agent model 
based on goal with RL

Separate agent 
model selects 

action

E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Summary: The GLP Architecture
• Encode multimodal observations into mixed 

latent world states
• Tokenizer for discrete modality-specific or 

language tokens
• Embedder for fine-grained continuous 

embeddings

32

…

…

Ask Isabella to 

lend a hand…

Apply pressure 

on the icepick…

Explore a route 

to go down…

World Model Backbone

Decoder

Observations

Latent World 

State

Actions

Implicitly 

Simulated Worlds

Reconstructed 

Observations

Short-Term 

Consistency

Share lessons 

with others…

…

…

Long-Term 

Consistency

Encoder

…

• Predict future worlds hierarchically for agentic 
reasoning

• Enhanced LLM for high-level reasoning and dynamics
• Diffusion for low-level perceptual details

• Decode observations for supervision and external use



Towards agentic reasoning with the GLP world model

• World model functions as 
sandbox for simulation

• Given latent world state, uses 
WM to precompute and cache 
plans

• At decision time, select 
actions by consulting cache

• More closely mirrors human 
cognition: planning ahead and 
managing uncertainty

• Towards agents with richer 
forms of agency

34

Perception

World Model (WM)
Possibles  

World States

Action

GoalPredicted 
Future States

Goal

Goal

Goal

WM

WM

WM

Estimated 
World State

Output 
Action

Action

Action

Action

Action

Action

Action

ActionPlanner

Expected 
Reward

+

o

−

+

Select precomputed 
plans based on belief 
and expected reward

WM

WM

WM

WM

Simulative Reasoning Agent

E. X.*, M. D.*, J. H., Z. H. Critiques of World Model (2025)



Roadmap for today

1. What is a world model? How should we build it? 
2. An example of world model for agentic reasoning
3. A general-purpose physical world model for simulative planning
4. An agentic LLM that self-regulates when and how to use 

planning

35



An example of world-model-based reasoning for LLM agents

37



At that time, we already had bunch of LLM-based agents for 
different tasks (usually not very good)

38

Social Simulation
Web Automation Software 

Engineering

Team
Collaboration Scientific Discovery

M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Existing work at that time typically develop architectures for 
specific environments

39

Web AutomationSocial Simulation

Software Engineering Scientific Discovery

Social Agent Web Agent

Software Agent Science Agent

Team Collaboration Multi-Agent Workflows

M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Existing work at that time typically develop architectures for 
specific environments

40

Web AutomationSocial Simulation

Software Engineering Scientific Discovery

Social Agent Web Agent

Software Agent Science Agent

Team Collaboration Multi-Agent Workflows

Limits of current architectures

● Specialized to one task, hard for multi-task broad usage

● No clear general-purpose agent architecture for cross-
task transfer

● LLM free-form reasoning can be locally myopic



Why not just let a LLM generate any CoT? 

• We name letting LLM generate free-form thoughts “black-box reasoning”
• Given context 𝑥, black-box autoregressive reasoning iteratively predicts the next 

abstract internal state 𝑧𝑡  as:
𝑝(𝑧𝑡|𝑧<𝑡 , 𝑥) 

• No explicit modeling and simulation of future outcomes
• Even strong models can remain vulnerable to locally myopic decisions or error 

accumulation over extended trajectories

41S. Y., et al.. ReAct: Synergizing Reasoning and Acting in Language Models (2022)



Humans are generalists with a single cognitive architecture, but can 
achieve goals in diverse environments

42

Human

Social 
Interaction

Web Operation

Software 
Engineering

Scientific 
Discovery

M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Human reasoning is not just linear, autoregressive reasoning

43

Human

“Offer Help to 
the Person”

✗

M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Human reasoning is not just linear, autoregressive reasoning

44

Human

“Offer Help to 
the Person”

Internal 
World Model

“The person 
will stop 
crying”

“I will be tired”

“The person 
will be 

grateful”
But also forward-looking, simulation-
based reasoning using an internal 
world model

M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



We build on our previous formulation of world model for 
simulative reasoning

45
𝜇inaccessible

𝜋 Agent

𝑎𝑡
′ Ƹ𝑠𝑡+1

′
Goal

Critic

𝑓

𝑉

Belief 𝑔

𝑇
𝑜𝑡

World Model

Ƹ𝑠𝑡

Encoder ℎ

agent estimation 
of world state

Observation

𝑇′

𝑎𝑡

continuous or discrete 
internal representations

sensory data contains 
incomplete information

actual action

simulative reasoning to 
find the best action

M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



And instantiate it into SimuRA, a more concrete architecture

• Encoder: Discrete, semantic state 
representation using natural language

• Inferred using LLM to summarize 
observation

• Planner: Hierarchical planning via abstract 
actions

• Policy: Propose actions in natural language 
(e.g., click(‘id’) -> “click on button”)

• World model: Predicts next state using 
natural language as latent state space

• Critic: Evaluates goal progress

• Actor: Grounds abstract actions in 
environment action space

46M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



And instantiate it into SimuRA, a more concrete architecture

• Inference can be seen as solving multi-level 
optimization problem:

• Perception and Acting: Infer by sampling
• Planning: Maximize by tree search algos
• Implementation: Use LLMs due to versatility; 

next-token prediction training also similar to 
world modeling

47M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Experiments as web browsing agent

48

• Access to a Playwright-based 
browser and 13 types of actions

• Tasks: 
• Complex website navigation (FlightQA)
• Multi-hop, multi-website QA 

(FanoutQA)
• General web automation (WebArena)

• Metric: Success rate
• Baselines:

• OpenHands BrowsingAgent
• SimuRA without WM-based planning 

(autoregressive planning)

M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Generation of FlightQA dataset

• Prompt LLM to generate lists of constraints
• Then iteratively add constraints to the lists one by one
• Finally, convert each constraint list into question in natural language
• Advantage: Enables systematic analysis of model generalization ability 
• Answers question “what if I add just one more condition to the question”

49M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Overview of results

50

• SimuRA clearly improves over 
baselines in all 3 categories of tasks

• Full SimuRA improves complex 
website navigation from 0% 
(BrowsingAgent) to 32.2%

• Simulative planning improves over 
matched autoregressive planning 
baseline by 124% (14.4 -> 32.2%)

• Surprisingly, strong reasoning LLMs 
like o1 and o3-mini performed closed 
to 0%

• Suggests the limit of RL-trained 
black-box reasoning

M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Counterfactual analysis of reasoning behavior

• We generated FlightQA 
questions with constraint 
control

• Enables answering “what if I 
added one more constraint?”

• Analysis shows simulative 
planning outperforms across 
# constraints

• Suggests improved reasoning 
/ generalization ability

51M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Demos

52M. D.*, J. H.*, Z. H., E. X. SimuRA (2025)



Roadmap for today

1. What is a world model? How should we build it? 
2. An example of world model for agentic reasoning
3. A general-purpose physical world model for simulative 

planning
4. An agentic LLM that self-regulates when and how to use 

planning
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From video generation to action-conditioned world simulation

58



Motivations

• Modern video generators are visually impressive, but usually 
open-loop: prompt in, full video out 

• They typically lack: 
• causal control 
• interactivity 
• long-horizon consistency 

• Existing world models often handle only narrow domains like 
games, robotics, or 3D scenes

59PAN Team, …, M. D., …, E. X. PAN (2025)



What PAN does

60

• Predicts future world states 
through video simulation

• Inputs: 
• Visual history
• Natural language actions

• Output: 
• Future world trajectories

• Simulation should be 
visually detailed, causally 
responsive, temporally 
coherent

PAN Team, …, M. D., …, E. X. PAN (2025)



An instantiation of the GLP architecture

61

• Encoder: Vision tower of 
Qwen2.5-VL-Instruct

• World model backbone: 
Language model of Qwen2.5-
VL-Instruct

• Video decoder: Wan-2.1-T2V-
14B adapted through a Causal 
Swin-DPM mechanism

• Generative loss: Flow-
matching

• Training data: Large-scale 
video-action pairs

PAN Team, …, M. D., …, E. X. PAN (2025)



Video Diffusion Decoder: managing signal variability 

• Conditioned on partially noised representations of preceding chunks

• Dampen minor errors from previous generation and reduce error propagation over long horizon

• Encourage the model to focus on stable world dynamics, overcome the challenge for infeasible

fine-grained details reconstruction

62PAN Team, …, M. D., …, E. X. PAN (2025)



FastVideo Speedup
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DiT Blocks

Text Encoder

Timestep t

Diffusion Step x N

VAE
decoder

User Input: 
LEGO Stormtrooper

Enhanced detailed script:
… The Stormtrooper steps onto a black 2×2 launchpad; a red LEGO 
button glows …

Large Language 
Model (e.g. K2-Think)

Speedup via Diffusion Distillation
e.g., N: from 50 to 5. Speedup via Sparse 

Attention. 

Speedup via fast LLM

30 second 1080P video only needs only ~3 
seconds, 10x faster than real time. 

Z. P., et al. Vsa: Faster video diffusion with trainable sparse attention (2025)



PAN: Simulating different hypothetical futures
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current state

action:
“Move forward”

action:
“Lift-off”

action:
“Lightning in the sky”

next state



PAN: Simulating infinitely-diverse real (and surreal) worlds & agents
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Driving (normal)

Driving (rare)

Drone (out-door)

Drone (in-door)

“Clean up the table”

“Put apple in the drawer and close it”



0-5s: Grasp the oil brush from the dish with the right arm.,

5-10s: Brush the baking pan with the oil brush held in the right arm.,

10-14s : Place the oil brush back into the oil dish.,

14-20s: Grasp the seasoning bottle with the right arm.,

20-25s: Pour the seasoning held in the right arm onto the corn flakes on 

the baking tray.,

25-28s: Place the seasoning bottle back on the table with the right arm.,

28-37s: Open the oven door with both hands.,

37-41s: Lift the baking tray containing corn flakes with the right arm.,

41-45s: Place the baking tray containing corn flakes at the oven door 

with the right arm.,

45-52s: Push the baking tray containing corn flakes into the oven with 

the right arm.,

52-60s: Close the oven door with the right arm.,

60-66s: Press the oven start button with the right arm.

PAN: assessable and manipulatable latent states 
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Time:  Input action

PAN Team, …, M. D., …, E. X. PAN (2025)



Evaluation Benchmark
• Existing benchmarks focus on short-horizon metrics: frame level fidelity or motion realism

• Our benchmark evaluates the fundamental capabilities of a world model: coherent causal dynamics

68PAN Team, …, M. D., …, E. X. PAN (2025)



Evaluation Benchmark - Metrics

• Action Simulation Fidelity: how faithfully the model simulates language-specified actions and
their causal consequence

• Long-Horizon Forecast: evaluates models’ ability to maintain coherent, high-quality rollouts over 
extended action sequences

• Simulative Reasoning and Planning: evaluates whether a world model can enable an agent to 
reason about actions and plan toward a goal

69PAN Team, …, M. D., …, E. X. PAN (2025)



Evaluation Results

70PAN Team, …, M. D., …, E. X. PAN (2025)



3D Simulation Scientific Exploration Simulation
(e.g., Mars)

Industrial Robot Simulation

Education
(e.g., physical phenomenon)

Professional TrainingSports Strategy Simulation

PAN Applications: Diverse Use Cases across Domains

71



PAN: Interactive Long-Horizon and Branching Simulation

action:
“Open portal”

“Enter portal”

“Open teleport array
and leave”

action:
“Move forward”

“Golden light
spell”

“Flower bloom
spell”

“Enter golden
bloom”

“Stop golden
bloom”

72



PAN: Reasoning with thought experiments

Match number of yellow cans between right
blue tray and middle white tray

73

Grasp a yellow can from the 
middle white tray.

Grasp a blue object from the left 
blue tray.

Grasp a yellow can from the 
right blue tray.

Move the yellow can held in the 
gripper to the right blue tray.

Grasp another yellow can from 
the middle white tray.

Grasp a yellow can from the 
right blue tray.

Release yellow can from the 
blue tray into the white tray.

Release the yellow can held in 
the gripper into the middle tray.

Grasp a yellow can from the 
right blue tray.

Round 4

Release the yellow can into the 
right blue tray.

Grasp a yellow can from the 
middle white tray.

Release the yellow can held in the 
gripper into the blue tray.



Roadmap for today

1. What is a world model? How should we build it? 
2. An example of world model for agentic reasoning
3. A general-purpose physical world model for simulative planning
4. An agentic LLM that self-regulates when and how to use 

planning (work in progress)

74



This part has been redacted at this moment
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Concluding Thoughts

• LLMs showed how far next-token prediction can go
• World model: can next-world prediction support broader forms of 

intelligence beyond language? 
• Answer: a serious candidate
• Open problems: Multimodality, representation, architecture, 

generative modeling, training/inference systems, interplay with 
agents, etc.

83
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