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LLMs now support wide range of real-world tasks

* Core capability is simulating the next word in human language
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However, language is just a tiny slice of the world

Natural World
Social World

Physical World
Lingual World
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Strategy

Choosing interventions
to shape the world(s)

Ecosystems, bio-organisms

Agents, teams, incentives

Objects, motions, affordances

Math, code, dialogue



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
St+1 to remote control

Given s; and s;, 1, what could be the

. Q Groundtruth: C
action that translates s; to 54,17

* Gemini-2.5-Pro: B 3¢

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



How well do LLMs understand the physical world?

“Rotate clockwise around
a; Z-axis by 25.1 degrees,
Open gripper by 0.24”

Given s; and ay,
what could be the most
logical s¢41?

C

D
QGroundtruth: C * Gemini-2.5-Pro: D x

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



Humans consist of a hierarchy of capabilities

@ | Abstract

Interact/Collaborate ?

Write/Speak/Draw
Read/Listen/Watch Concrete
v v
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Dune series Iimagines such a possibility

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

Novels Films

Part 3
coming
soon!
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Dune is centered around the Kwisatz Haderach

* Aperson born toinherit the
experience of all their ancestors

* This gives them extraordinary
capabilities

* They canlead armies across the
galaxy and direct planet-scale

projects
 Their power comes from mentally * Inthe story, this culminates in a
simulating many possible futures plan to steer humanity towards a

and choosing the best path freer, less predictable future



|s such a superhuman possible?

ﬁ Functions of a
* Maybe not literally, but system with : Superhuman
similar functions m
* Going up a hierarchy of abilities, from m
Each can be viewed as goal-directed
behavior in an environment

one integrated system,
support it?
9




A possible definition of an optimal agent

The optimal agent maximizes Resulting in the following decision rule:

the expected chance of

success in achieving the goal: m,(s¢) = arg max Z Z Yer (g, sk) +vrV; y(ST) HPM(SLH | si, ;)

at:T-1
* . g s StnT \KZ Y environment
My = arg MaXy Vn'“ possible actions goal progress response
|l
| (2] Agent

o

i

g; World State St

? é Goal

U 3B Critic
&
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World model is necessary for general decision-making

However, the world state s and universe u are not

always available to experience/experiment.

A world model is thus crucial to predicting the

environment’s behavior for a general agent

C%o]
=% Encoder

}T cfg‘? Belief

agent estimation
of world state

Observation

sensory data contains
incomplete information

O

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

Coincides with reasoning pattern in Dune

®
[22]) Agent f| ‘® WorldModel

continuous or discrete

|__ internal representations

A,Y
simulative reasoning to Goal
find the best action T’

|| actual action

@@ Critic

\

inaccessible

u

&
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Roadmap for today

s

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

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

? _
( 1 d P ey L
. .
_ N ) A » h
I d . G | P\ a \‘;;

Physical mechanics Embodied experience
Social experience Mental world Evolutionary World

E. XX M. DX, J. H., Z. H. Critiques of World Model (2025) 14



World model enables reasoning by simulation

* WM Output: Next world state conditioned on previous world state and action
/
P(s'|s,a)
new state = previous state’  action

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

® Goal

Current state
« Simulate plans with world model

» Choose the best plan

E. XX M. DX, 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
/
P(s'|s,a)
new state = previous state’  action

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

A special case /F»;
® Goal S&e SCI IS
Osc'?oo A P NaGo N
Monte Carlo Tree Search " ﬁ\
(MCTS) with a known (trivial) 34
Current state world model 7N

E. XX M. DX, J. H., Z. H. Critiques of World Model (2025) 16



Potential use cases for simulative reasoning

b

Self-driving with ensured safety by Developing battle-winning tactics by Billions of years Moments in a Martian
forecasting future street scenarios anticipating the outcomes of actions in Earth’s evolution civilization

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

A special case /F?
® Goal |:0+ AlphaGo i
eoe azbe \,Hs
Monte Carlo Tree Search 14 ?‘*\
(MCTS) with a known (trivial) 34
Current state world model .

E. XX M. DX, J. H., Z. H. Critiques of World Model (2025) 17



Key to building general world model

General representation space for the latent world state
Architecture that effectively reasons over the representations

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

e

[_ (=
,—@ Encoder h T | (23] Agent f ':gé World Model

}T cf; Belief

Observation @’ o V| @3 Critic

@ E.X* M.DX*, ). H., Z H. Critiques of World Model (2025) 18
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The world model landscape

Gaming world models: Genie-3, etc. © Google DeepMind

 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.
e Specialized for auto-driving or specific robotic control
 Video generation models: Sora (RIP), Veo 3, etc. @
* Nointeractions allowed, not qualified as world models for reasoning
* Joint embedding predictive models: V-JEPA 2, etc. 9.\

e Toyish environments and tasks; general usability unclear

» World models are not video generators, but sandboxes for thought experiments =3 =

> Focus is on actionable understanding E.X* M.Dx, ). H., Z. H. Critiques of World Model (2025) 19



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. Datareconstruction objectives are wrong: irrelevant details

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

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



Critiques of World Modeling

Critiques of World Models

Eric Xing®* Mingkai Deng®!*, Jinyu Hou®f, Zhiting Hu®*

*Institute of Foundation Models, Mohamed bin Zayed University
of Artificial Intelligence
 School of Computer Science, Carnegie Mellon University
tHalicioglu Data Science Institute, UC San Diego

eric.xing@mbzuai.ac.ae, {mingkaid, jinyuhou}@cs.cmu.edu,
zhh019@ucsd.edu

July 2025

Abstract

World Model, the supposed algorithmic surrogate of the real-world environment which bio-
logical agents experience with and act upon, has been an emerging topic in recent years because
of the rising needs to develop virtual agents with artificial (general) intelligence. There has been
much debate on what a world model really is, how to build it, how to use it, and how to evaluate
it. In this essay, starting from the imagination in the famed Sci-Fi classic Dune, and drawing
inspiration from the concept of “hypothetical thinking” in psychology literature, we offer cri-
tiques of several schools of thoughts on world modeling, and argue the primary goal of a world
model to be simulating all actionable possibilities of the real world for purposeful reasoning and
acting. Building on the critiques, we propose a new architecture for a general-purpose world
model, based on hierarchical, multi-level, and mixed continuous/discrete representations, and a

e mmndlieen nmd AAlL mdimncedtand Tancaila e fancmneccnale wdih ae ccddlanle Af a Dheerlanl A cacidlin ad

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



Data: Information density, not just volume

* Use of experience “J | - WM needs to be trained from sensory inputs
- Different layers of * | + Why: More raw data than text
experience
: Text, videos, Text has higher information density than video
embodied interactions
Perceptions/Experiences Actions/Means/Tools Language Captures human,s abStraCtion Of the

world

Text

) > xS

Vision A28 _pﬁ. - Language encodes concepts like goals, norms,
regrets, and justice

Audio M\ - AN J :

Natural interface for reasoning and action

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

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



Representation: Continuous? Discrete? Or both?

* Need stateful, semantic latent space €y | . worid states should be represented using
that supports memory and reasoning 4 continuous embeddings

* Continuous/ discrete depends on what  Why: To enable gradient-based optimization
works, not just ease of learning

* Language (e.g., LLM) and learned _ _ _ .
tokenizers (e.g., VQ-VAE) are effective , Raw sensory inputs are noisy and highly variable

for modeling concepts H

* How: Mixed representation nput video - . . . -
¢ Example: Continuous embeddings +

discrete tokens

joint '

(video zsgisoo;;eu ) embeddmg 81~
Action classification accuracy (50 classes):
JEPA: 58% v.s. standard VLM: 74%
__ Embeddings (—__ConceptTokens _ __
I coee | C Labrado | i : :
O ERENLE }__N: Q rado : H.umans reason by compressing perception into
L s _etect] NN =7 | discrete concepts
Fixed-Size, 14
Continuous Sensory
Embeddings Vocabulary

E.X* M.DX*, ). H., Z H. Critiques of World Model (2025) 24



Why do discrete representations work?

* Intuitively, discrete tokens should lose information due to compression

: Theory shows we can either learn a larger vocabulary or find a
longer language expression

: Scaling out expressivity by increasing
Sensors encoding length is more efficient

(video, audio, ...) : LLM-like token generation is an

effective way for scaling representations
kEncoder hJ

Scaling Up —> The| brown-fox | jumps-over | the-fence J&—— I; I

Fixed-Size, Continuous § Increase vocabulary size
Sensory Embeddings

»
>

The | brown | fox | jumps over|the fence |<_ V

Increase code length
E.X* M.DX*, ). H., Z H. Critiques of World Model (2025) 25
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Theoretical result on scaling discrete codes (a.k.a. language)

Theorem 1 (Completeness of Language Representation). Assume real-valued
inputs x = [x4, ..., x7], where x; € RP and ||x,|| < K. Forany e > 0, there exists
a language with vocabulary V, maximal length N < oo, and a mapping function
f.: RT™P > VN such thatforall x,x' € R™, ||x — x'|| > € = f.(x) = f.(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

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



Key Insight: Way more efficient to scale out

* Proof Sketch. We will prove the contrapositive:

fe) = fe(xX) = llx—x[[ <€
Specifically, we propose two ways to scale the discrete code:

Case 1 (Learning a Modality Tokenizer). Keep Case 2 (Finding a Language Expression). Keep the
the code length constantat T, increase the vocabulary size constant at M, increase the word

vocabulary size to M, = [VTDR&"1]" (ie.,  Seauencelengthto N, = TD[logy VTDKé™|
scaling up) (i.e., scaling out)
The vocabulary size must grow in The sequence length need only increase in

O((TD)P), i.e., exponentially with the input ~ O(TD logTD), which is much more manageable
size you'd like to capture!

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.DX*, J. H., Z. H. Critiques of World Model (2025) 27



Architecture: Autoregressive generation is not the enemy

* 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

Enhanced
LLM +

fo
fusion ( Decodergw/

\ 4

@ Generative
Reconstruction

_f\

A

Hierarchical latent spaces for
reasoning at higher semantic level

* Abandon autoregressive generation; replace
with JEPA-style encoder-encoder setup
* Why: 1) avoid error compounding, 2) absorb

\_ signal variability

@ An Encoder-Encoder Architecture

Deterministic Next-
Encoder h Embedding Prediction Encoder h

World Model f )—@ s’
Fixed-Size, Cont’s, @ d
Abstract Embeddings

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

E.X* M.DX*, ). H., Z H. Critiques of World Model (2025) 28



Objective: Train against the world, not just the latent

« Use generative loss grounded in 2| Avoid data reconstruction; use energy-based
observed evidence: = next-latent prediction objectives

« Why: more tractable trainin
Loen(h, f,9) = Egoory-nlllg @ F(h(0), @) = o'l Y J

* Why: Compared to latent loss, Reconstruction Loss in
. Latent S
inherently prevents collapse and NG
encourages meaningful latents () wortd Modelf)_,@_, 18 — sl
* See next slide for theoretical y/\ @ regularizations  <ommmmee v\
proposition
Latent loss is a lower bound of generative loss plus a
@ 16" —oll small roundtrip reconstruction error e:
Decod \ fgente ™~
ecoder g L < + e ;
A G : latent = ~gen ['latent -: Task-relevant info missing
> T \'f from encoder
f: (S Minimizing latent loss thus doesn’t guarantee
é) consistency with observed data (proof in paper)

E.X* M.DX*, J. H., Z H. Critiques of World Model (2025) 29



Theoretical result on latent reconstruction vs. generative loss

Proposition 1 (Collapse of Latent Reconstruction
Loss). Given functions h:0 = S, f:S X A - §, and
latent reconstruction loss:

Llatent(h» f)= [E(o,a,o’)~2)[”f(h(o)'a) —h(oNll],

There exists (h*, f*) and c € R%, such that h*(o)
= cforallo € O and f*(c,a) = cforalla € A,
such that:

Ligtent(h", f7) = Igljifnﬁlatent(h: ).

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 modelto minimize the loss while learning
nothing about the true dynamics.

Proposition 2 (Non-collapse of Generative Loss).
Given functions h: 0 - S, f: S XA > S5,9:5 - O,
and generative (0SS:

Leen(h, f,9) = Ea01y~plllg © f(h(0),a) —'ll],

Assuming 3(o4, a4, 0,), (03, as3,0,) € D such that o,
+ o4, thengiven (I, f), fixed g’ and ¢ € R% such
thath'(0) = cVo € Oand f'(c,a) = cVa € A,
there exists (h, f) such that:

Loen(h.f,9") < Lgen(W'.f', 9"

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.

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



Usage: not just MPC, but learning from simulated experience

* 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: 01/03/R1 are special casesin math &

coding
@ Separate agent World model
model selects simulates
/ action ex?rience
$1i /' f $2i > [ Sy
Ny N, Nr
FROEENO® .
Goal(g)
Agent
Model () n 7

¥~ Optimize agent model
based on goal with RL

« Abandon reinforcement learning (RL); adopt
model-predictive control (MPC)
« Why: fewer trials required during training

Simulate next latent Optimize actions

states using WM based on objective

Encoder h /
World Model f )—’@—’

Simple action
initialization

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

E.X* M.DX*,J. H., Z H. Critiques of World Model (2025) 31



Summary: The GLP Architecture

Encode multimodal observations intomixed « Predict future worlds hierarchically for agentic
latent world states

reasoning

Tokenizer for discrete modality-specific or * Enhanced LLM for high-level reasoning and dynamics
language tokens

* Diffusion for low-level perceptual details

« Embedder for fine-grained continuous  Decode observations for supervision and external use
embeddings
. 8 72 S, Reconstructed
Observations —> — ... —311¢ :
w= ﬁ o Observations
I

[ Encoder W ggr?srst:r:?y{D—’ —(1) J
Latent World Implicitly
State Simulated Worlds
v Long-Term
World Model Backbone 9/ fvmﬁe”%ﬁ

. Ask Isabella to Apply pressure Explore a route
Actions lend a hand... on the icepick... to go down...

Share Iessons
ith others. ..
with others 32



Towards agentic reasoning with the GLP world model

4 N
* World model functions as predicted [ e i —apected o on |+
sandbox for simulation Future States 3/
. Acti WM Goal | +
* Given latentworld state, uses Possibles | Vo vacet e ) o
WM to precompute and cache T = S -~
plans Action
.. . Select precomputed . E\ WM Goal | -
* At decision time, select Slanner plans based on bele acton |
actions by consulting cache N o J
* More closely mirrors human Estimated .00
Cognltlon: plannlng ahead and Perception ,‘ World State > Simulative Reasoning Agent
managing uncertainty / A

4
* Towards agents with richer TR iﬁ:ﬂi//
v

forms of agency

E.X* M.DX*, ). H., Z H. Critiques of World Model (2025) 34




Roadmap for today

Wb -

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

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

35



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

SIMURA: A World-Model-Driven Simulative
Reasoning Architecture for General Goal-Oriented
Agents

Mingkai Deng®™* Jinyu Hou®>™* Zhiting Hu®* Eric Xing>'

“Institute of Foundation Models, Mohamed bin Zayed University of Artificial Intelligence
t School of Computer Science, Carnegie Mellon University
AHalicioglu Data Science Institute, UC San Diego

{mingkaid, jinyuhou} @cs.cmu.edu, eric.xing@mbzuai.ac.ae

Abstract

Al agents built on foundation models hold enormous promise. Current practice,
however, focuses on a one-task-one-agent approach, which not only falls short
of scalability and generality, but also faces practical limitations from black-box
autoregressive reasoning, where decisions unfold token by token without explicit
simulation or counterfactual evaluation of outcomes. Humans, on the other hand,
reason and plan by mentally simulating the consequences of actions within an
internal model of the world — a capability that supports flexible, goal-directed
behavior across diverse contexts. Moving towards a more general and powerful
Al agent, we introduce SIMURA, a goal-oriented architecture for generalized
agentic reasoning. Based on a principled formulation of an optimal agent in any
general environment, SIMURA addresses the limitations of black-box autoregres-
sive reasoning by incorporating the world model for planning via simulation. Qur



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

; ( * Tell me how much I spent on & Language Model ]
food purchase in March 2023,
1 L
:
- -—
He—Dh

Il Generated PR, . oone

o Create ¢ ‘WolmeFans' repo, ste ion of.
Al Agent listing Nolan"s Qscar-wwinning
filrs in a README file " J ' W sklearn
skloamn/ M regatt [ grodient_boosting.py 0|
pr—— G 0 Q B exomplos setup.cfg 0 helper.py O
check_rrim O READMErst ) setup.py W utils B
Functional Fumnsctional
Success Failure

Software

Web Automation at Application
. . s DG Engineerin
Social Simulation W o T o828 8 g
T ‘ f b = 53 ) DiSCOVErY Tyt spiese
28 ey ; (@3} ¥

A & e’ : = : ‘- - intelligence

Wi, 1, 84 .Q ' ‘ ooy ¢

Team S 1= ""g“— Nf-€8 =
QJQ o Q (s —:E" . Molecuar feshres Mr;:uta

Collaboration 82 N L Scientific Discovery
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M.D* J.H* Z. H., E. X. SimuRA (2025) 38



Existing work at that time typically develop architectures for
specific environments

— __,.ﬁ.._|__f_'7 —
Social Simulation Social Agent Web Automation Web Agent

L& % 2. 8
, |:> ™ R
et 5. 8 &
e

Joint chat Hierarchical chat

Team Collaboration  Multi-Agent Workflows

= — e = {) . 4 & U e e [ et e 5t
—— g'&:;, L . & -t — 300, o — Iaarnas ——
e ) (25 C (T -0 [=
O ————— s 9 [~ o - -
e SIS A = P | . L | ==
T il L] IR R = e R | o el ] e [
e = e AL -

Software Engineering Software Agent Scientific Discovery  Science Agent

M.D*, J.H* Z. H., E. X. SimuRA (2025) 39



Existing work at that time typically develop architectures for
specific environments

Social Simulatior

Limits of current architectures

@® Specialized to one task, hard for multi-task broad usage

® Nocleargeneral-purpose agent architecture for cross-
task transfer

® LLMfree-form reasoning can be locally myopic

Software Engineering

Ut §
=10
5
L¥

el 8y g

[
!
i

{ "l"r
L]
|

:
I

Software Agent

Scientific Discovery

Web Agent

Science Agent
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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 z; as:

P(Z¢|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

Failure: Reasoning error

RelAct
Question:

Thought 1:

Action 1:
Observation 1:
Thought 2:

Action 2:

What was the middle name of the actress who was cast alongside Harvey
Fierstein, Linda Hart, Dick Latessa, Clarke Thorell, Mary Bond Davis, Laura
Bell Bundy, Matthew Morrison, Corey Reynolds, and Marissa Jaret Winokur in
Hairspray?

I need to search Harvey Fierstein, Linda Hart, Dick Latessa, Clarke Thorell,
Mary Bond Davis, Laura Bell Bundy, Matthew Morrison, Corey Reynolds, and
Marissa Jaret Winokur, find the actress that was cast alongside them in
Hairspray, then find its middle name.

Search[Harvey Fierstein]

Harvey Forbes Fierstein ...

Harvey Fierstein is an actor, playwright, and screenwriter. I need to
search Linda Hart next...

Search[Linda Hart]...

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



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

. "@ | Epeanniena
,,_,r
fi M@ o ER.2 8
i,
Social 2T @ Web Operation
Interaction

15 £
x“&l -
Human @ : \‘9 '

Software

Scientific
Engineering

Discovery

M.D*, J.H* Z. H., E. X. SimuRA (2025) 42



Human reasoning is not just linear, autoregressive reasoning

N
e
“Offer Help to

e) e
T S
- the Person”
Ii‘ X

Human

£ A

M.D* J.H* Z. H., E. X. SimuRA (2025) 43



Human reasoning is not just linear, autoregressive reasoning

“The person
will stop
crying”
“Offer Help to Internal €l s
'i the Person” World Model willbe tired
".? z' ’ “The person
r uman :
But also forward-looking, simulation- will be
“ . . . grateful”
based reasoning using an internal
world model \/

M.DX* J.H* Z. H., E. X. SimuRA (2025) 44



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

T-1 T-1
n}(8;) = argmax ) (Y k7 (95 31) + 1 VE 4 sﬂ) [T pr(8isalsi,a0)
‘if;'i’ Se+1r Nkt J/ =t simulation with
possible actions goal 1;1‘T)gress world model
C5a) = @
=23 Encoder h Am [22]) Agent f| ‘@ World Model
[ continuous or discrete
J ‘/, |__ internal representations
y L—1
gj{f: Belief §\K > A/Y
oforfe DeEle t simulative reasoning to Goal
agent estimation find the best action T’
of world state

Observation @’ actualaction T TP Critic

sensory data contains

incomplete information \

inaccessible H @ M.D* J.H* Z. H., E. X. SimuRA (2025) 45




And instantiate it into SImuRA, a more concrete architecture

* Encoder: Discrete, semantic state

. : —— : 1)
representation using natural language X= r@j E"vlzo')me"t o
. . — H x
* Inferred using LLM to summarize L Ll
observation 1
Observation (0) Action (a)
Planner: Hierarchical planning via abstract
actions Identity (i) Agent (x) éGoal (2)
. Policy:.Propose actiqns in natural language C52) Belief 8%  Sinulates :
(e.g., click(‘id’) -> “click on button”) r__il St(g)te—- 0_39%_0 — Agt’i;c;n — ’Eéb:l
. . o2 5 a g .
* World model: Predicts next state using Encoder blanner Actor
natural language as latent state space pu(5 | 0) simulative Reasoning pola|s,a"™)
e Critic: Evaluates goal progress retion o @ Next State—s )
. . %ECandldates—— (. —F'l"E.'dlCtlons—h- @ _St{?ﬁ'e b}'a‘l‘fj}e)s
* Actor: Grounds abstract actions in ((d}. — (3.3, D) — MLAL I
. . Policy Norld Model Critic
environment action space pa(a’ | 3) pr("[5,d) v(3)
Optimize

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



And instantiate it into SImuRA, a more concrete architecture

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

§; = argmax pp(5 | o) (Perception)
§ S——
encoder

E’T’) H Pf(3k+1 | ék;ﬂrk) (Planning)

Cl‘lllC k=t

e
Qpq/_y = argmax E

tTl

’
SeqrT wor]d model

sampled from
policy 7

ar = argmax po(a | §;,a;") (Acting)
a —_———

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

[

Environment

(1)

F93

Observation (0)

Identity (i) Agent (1)

S
[l =R
Action (a)

é Goal (g)

Y
Lol e — e _“htion— [
- 3) 568 (a'*) ;Qb_
Encoder Planner Actor
pu(5 | 0) Simulative Reasoning pe(a|3,a™)
P
%ECaﬁgiégges: (. —PNreexdtlcsttlaotnes: @3 St{?fe bValues
a[ 6'2 — {{ 51»
Policy Nor‘ld Model Critic
pz(a | %) pr(3"5,d") v(3")
Optimize
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Experiments as web browsing agent

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

e Tasks: _
« Complex website navigation (FlightQA) [
¢ MUltI-hOp, mUl.tl'WebS|te QA §:36AM - 1£00AM £ r®:] Environment
(FanoutQA) e -

* General web automation (WebArena)

Identity

e Metric: Success rate Memory
T Observation — = Action
 Baselines:

* OpenHands BrowsingAgent
* SimuRA without WM-based planning

[_J’j Belief o}f2 Simulated ]
’ ——GoRi—= —'—_ﬂ.z‘j " state "~ ofg3e — Action =5

(autoregressive planning) oot Encoder Planner Actor
Aoy s S G T o o L - i
Boston to Los Angeles interface that has

Lo Los Angeles
ext wWednesday"
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Generation of FLightQA dataset

Number of Constraints: 3

+ T T |

Repeat [ . . f FlightQA Dataset
N Times Constramtfenaratlon (N x (K+1} Questions)
['round-trip', Could you find a round-trip
'San Francisco to Paris', — —= flight from San Francisco to
'departing in two weeks'] Paris departing in two weeks?
Repeat [ Constraint Extension ] s
K Times ‘ Generation
['round-trip', Could you find a round-trip
'San Francisco to Paris', flight from San Francisco to
'departing in two weeks', Paris departing in two weeks and

'returning after a 10-day stay'] \ / raturning after a 10-day stay?

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 | add just one more condition to the question”

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



Overview of results

SimuRA clearly improves over
baselines in all 3 categories of tasks

Full SimuRA improves complex Web Browsing Performance vs. Agent Architecture

Website navigation from O% B ReasonerAgent (World Model Planning) [ Reasonerfgent [Autoregressive Planning)

. COpenHands BrowsingAgent [l Reasonerdgent (Autoregres sive Planning w/ o3-mini)*
(BrowsingAgent) to 32.2% o

Simulative planning improves over o 29.8%
matched autoregressive planning
baseline by 124% (14.4 -> 32.2%)

Surprisingly, strong reasoning LLMs
like 01 and 03-mini performed closed
to 0%

Success Rate / Accuracy

. . . Complex Website Multi-Hop, Mulii-Website General Autom ation
Suggests the limit of RL-trained (e.g., FlightQA) (e.g.. FanOutQA) (e.g.. WebArena)

black-box reasoning

M.D* J.H* Z. H., E. X. SimuRA (2025) 50



Counterfactual analysis of reasoning behavior

* We generated FlightQA
questions with constraint
control 06

% Correct vs Number of Constraints

@ Autoregressive Planning @ World Model Planning

46.7%

* Enables answering “what if |
added one more constraint?”

% Correct

* Analysis shows simulative

planning outperforms across
# constraints 00

* Suggests improved reasoning N R i
/ generalization ability

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



Demos

Flight Searching: “I’d like to find a round-trip ticket from Chicago to Dubai next month, traveling in
economy class, with non-stop flights only, departing after 8 AM, and returning within two weeks.”

- - = =

L J
- - e 2 - - _ [ = ]
Go to Google Flights Fill in origin and destination Fillin departure and return dates  Filter search result and respond

Online Shopping: “l want to buy a black mattress. Can you look at Amazon,
eBay, and Mattress Firm and give me one good option from each?”

- L= S e —d
- SD ‘ Y W
m 0% oFe "" i
= . - !—J
., gt - >
- - [ == ]
Go to Amazon website Search for mattress on eBay Go on Mattress Firm website Search and compose response

News Research: “Find and summarize one article from each of these local news outlets
on Trump’s inauguration: Times of San Diego, The Tennessee Tribune, and MinnPost?”

Go on Times of San Diego Browse The Tennessee Tribune Search on MinnPost Review and compose response

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



Roadmap for today

1. What is a world model? How should we build it?
2. An example of world model for agentic reasoning

3. Ageneral-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

.‘i:.":"‘.-t Institute of Foundation Models

:.é Maokhamed bin Zayed University of Artificial Intelligence IFM Technical RQpOl"t: 2025-11-14

PAN: A World Model for General, Interactable, and Long-Horizon
World Simulation

PAN Team, Institute of Foundation Models

Mohamed bin Zayed University of Artificial Intelligence

Overview

A world model enables an intelligent agent to imagine, predict, and reason about how the world
evolves in response to its actions, and accordingly to plan and strategize. While recent video
generation models produce realistic visual sequences, they typically operate im the prompt-to-
full-video manner without causal control, interactivity, or long-horizon consistency required for
purposeful reasoning. Existing world modeling efforts, on the other hand, often focus on restricted
domains (e.g., physical, game, or 3D-scene dynamics) with limited depth and controllability, and
struggle to generalize across diverse environments and interaction formats. In this work, we introduce
PAN, a general, interactable, and long-horizon world model that predicts future world states through
high-quality video simulation conditioned on history and natural language actions. PAN employs the
Generative Latent Prediction (GLP) architecture that combines an autoregressive latent dynamics
backbone based on a large language model (LLM), which grounds simulation in extensive text-based
knowledge and enables conditioning on language-specified actions, with a video diffusion decoder
that reconstructs perceptually detailed and temporally coherent visual observations, to achieve a
unification between latent space reasoning (imagination) and realizable world dynamics (reality).
Trained on large-scale video-action pairs spanning diverse domains, PAN supports open-domain,
action-conditioned simulation with coherent, long-term dynamics. Extensive experiments show that
PAN achieves strong performance in action-conditioned world simulation, long-horizon forecasting,
and simulative reasoning compared to other video generators and world models, taking a step
towards general world models that enable predictive simulation of future world states for reasoning
and acting.



Motivations

* Modern video generators are visually impressive, but usually
open-loop: promptin, 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

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



What PAN does

Predicts future world states
through video simulation

* Inputs: ot
* Visual history Sion e Short-Term JJ\
* Natural language actions e Dacodar . Comistency Oy

e Output: l‘l li ‘ l‘l
o Future WO r[d trajectories Lalem\\olvldSwzsy.. Latent World State Late mwmsm memWedetmes,

: : Terch
S.lmulatlon should be [‘&'&?ﬂ:ﬂ.‘” é/ {;7"‘}\? %‘\\’)‘ ]

visually detailed, causally

responsive, temporally Q[ﬁg O['][] D&]D

C O h e re n t a; = “drive through a, = “drive through az = “drive through

a field of flowers™ 8 snowy forest” a futuristic city”

PAN Team, ..., M. D., ..., E. X. PAN (2025) 60



An instantiation of the GLP architecture

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

* World model backbone:

Language model of Qwen2.5- | 3
VL-Instruct (2 O | Qe
* Video decoder: Wan-2.1-T2V-
14B adapted through a Causal .‘. .i&.\
Swin-DPM mechanism l I 3
* Generative loss: Flow- [*wom;;;.“;' é}/’ (Y Consistoncy
matching \T/ |
* Training data: Large-scale 000 000 DIJJD
video-action pairs  eldof Rowers~ Femncuytorost " sty

PAN Team, ..., M. D., ..., E. X. PAN (2025) 61



Video Diffusion Decoder: managing signal variability

. 1
1 Noise Noise Noise i
X Level 0 Level T/2 Level T |
L3R Tt |
Dequeue<j . A - Queue
' i L ki ) New Noise
LD s (R )
ﬂ T/2 Denoising Steps

Video Diffusion Chunk-Wise Causal
""" Decoder Attention Mask
Latent World State

__________________________ TTTT T
| Noise Noise Noise i
: Level 0 Level T/2 Level T !
X T TR |

Queue

Dequeue<:ll New Noise

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

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



Fa StVI d eo Speed u p 30 second 1080P video only needs only ~3

seconds, 10x faster than real time.

.......................................................................................... | \ & grea (o s Bilruson Bietlision
Speedup via Sparse Diffusion Step x N e.g., N: from 50 to 5.
Attention.
VAE
L DiT Blocks } > decoder

\

Text Encoder

Speedup via fast LLM

Enhanced detailed script:

—_— ——oo | ...The Stormtrooper steps onto a black 2x2 launchpad; a red LEGO
button glows ...

User Input:
LEGO Stormtrooper

Z. P., et al. Vsa: Faster video diffusion with trainable sparse attention (2025) 63



PAN: Simulating different hypothetical futures

action:
7
“Move forward ;/ . _{ e (T8
e - ”
g - M < R
,,, e 2 4 B 3\ SN
R
’
{\K‘I‘V "' \‘ ---------------------Qgtioﬂ; ----- )
‘ “Lightning in the sky”
\\ ‘ \. “"\ v!!"g’ , \* 77‘
N
current state N
action: s~

“Lift-off” M

e o4

B o

L.,

next state
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PAN: Simulating infinitely-diverse real (and surreal) worlds & agents

Driving (normal)

Driving (rare) Drone (in-door)

“Putapple in the drawer and clé&se it”



PAN: assessable and manipulatable latent states

Time: Input action

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



Evaluation Benchmark

* Existing benchmarks focus on short-horizon metrics: frame level fidelity or motion realism

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

Long-horizon Coherence @ :
1

car: High-level Controllability @
Step-1

Forward

Step-2 ... Step-n

Initial World State 1 o s
PAN Team, ..., M. D., ..., E. X. PAN (2025) &8



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

Action Simulation Fidelity

Environment Simulation Agent Simulation Overall

723 70.3
65.0 : 62.0
58.0 .
s SV 51.0 53.7 . 51.0
433 2 44.0 47.0 453 < 463
40 37.7 7o 393 37.7 37.7
) I I I
V]
& » + > o v o - & o & S > > o = & > > & &
5 & °’ v g 7 5 v v o
N & & N < 3 & a & - o < o5 & o g
e ¢ 5 (Pé‘& d;:“‘ﬁ ,‘tﬁ‘e oF © & (‘dﬁ‘ﬁ o s & & § d,c? &

F

100

80

60

Action Fullfillment Score (%)

58.6
50.2
453
i W =
&oF ‘

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



Evaluation Results

Long-horizon Forecast

Transition Smoothness Simulation Consistency
100
80
g
z 60
5
E
£ 40
o
) . . . )
0 --
{(\(—"‘ ’\«q' Q?S\
S \\ ‘\’
© ‘!\o (_,0"& (, \‘\V‘ \R\
Simulative Reasoning & Planning
Step-Wise Simulation Open-Ended Simulation and Planning Structured Simulation and Planning
100 —
&
e 0 +26.7
= 80 g +23.4
£ =20
z 3
£ 60 > +10.6
“18 f’ 10 - = -
P +d,
c [
S 40 2 - +0.0 [ ]
'E 2 0 aE—
g a 2.1
o c
o 20 $ 10
78 g
, D E
Cosmosl  Cosmos2  W-JEPA 2 PAN Cosmosl  Cosmos2  V-JEPA 2 PAN Cosmosl Cosmos2  V-JEPA 2 PAN
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PAN Applications: Diverse Use Cases across Domains

|
|
|

il

= miis ]
|

|
T [ e
|

1|
|

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

- \ ! -.E
Sports Strategy Simulation Education Professional Training
(e.g., physical phenomenon) 7



PAN: Interactive Long-Horizon and Branching Simulation

“Flower bloom
spell P 4
-

¢
“Enter golden ,’
bloom” ¢

4 » -
. , v g
.. B e // ’ g8 (
~~ / ) .‘,{: i / _——) )

action: ,’7

“Move forward” R

s

“Golden light ~ L ———

spell” “Stop golden e o
bloom”
\\\ action: ____—)
11 » ——
\\ Open portal ______——

“Open teleport array
and leave”

“Enter portal”
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PAN: Reasoning with thought experiments

<

i L _ g,
Goal @ .—' Xy - > 3 - P Qﬂ
 ind F"l ] , ! i
Match the number of 3 P-ﬂ 2 -
TR @) . U |
3..fi£]]113'“af'5_f" cans Grasp a blue object from the left Move the yellowcan held inthe Release yellow canfromthe Grasp a yellow can from the
blue tray. gripperto the right blue tray. blue tray into the white tray. right blue tray.

between right blue tray
and tray

Grasp a yellow can from the Release the yellow can into the Grasp a yellow can from the Release the yellow can held inthe
middle white tray. right blue tray. middle white tray. gripper into the blue tray.

- ‘
f ° -
R @ T
By
-

Grasp a yellow can fromthe Grasp anotheryellow can from Grasp a yellow can fromthe Release the yellow can held in
right blue tray. the middle white tray. right blue tray. the gripper into the middle tray.




Roadmap for today

pODd -

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

An agentic LLM that self-regulates when and how to use
planning (work in progress)
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This part has been redacted at this moment



Concluding Thoughts

* L LMs showed how far next-token prediction can go

* World model: can next-world prediction support broader forms of
intelligence beyond language?

e Answer: a serious candidate

* Open problems: Multimodality, representation, architecture,
generative modeling, training/inference systems, interplay with
agents, etc.
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