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Motivations and Introductions

PREDICTIVE CODING

\ Ena ble Self-Ada ptation World MOdeIS @ BRAIN'S PRIOR PREDICTION <@ SENSORY INPUT

&

Brain uses existing models Actual sensory data received:
to EXPECT: &% Red Car &89 Red Car

® Existing world models: incapable of adapting in non-stationary / long-tail scenarios

® Human beings and animals learn and adapt on-the-fly through Predictive Coding

® [n-Context Learning (ICL): widely studied in LLMs, but underexplored in world models

\ Research Questions

® Can world models perform ICL, and what factors influence this capability?

\ Contributions
® Theoretical analyses uncover characteristics of ICL of world model in MDP and POMDP
® Empirical Validation:

Propose long-context linear-attention world model (L2World)

Consistent with the theoretical analyses



Theoretical Analyses ()

Two modes of ICL in World Models: Environment Recognition & Environment Leanring

Definition: World Models

World Model: 673_1_1 ~ ﬁg ('|Q't) = fg (qt),Wlth gy — (Staat) (MDP)
or g; = (04— A¢, @4—A¢s - - - 01, ar) (POMDP) .
Definition: In-Context Learning

VT, > To, D[po(-|qe, Cy )| |pe(-|ar)] < Dpo(-lae, Cry)l|pe(-|ae)]

Environment Recognition (ER) Environment Learning (EL)

+ Assume a combination of seen (training) environments * Fully context dependent inferences
» Dependent on both context (for environment recognition)
& parametric memory (environment-specific inference)
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Recognition World Model



Theoretical Analyses (1)

Acquire insights through analyzing error upper bounds

Number of Seen Environments
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Environment Complexity Assumptions: model “choose” ICL
with probability 1 — 8, and T > 4| S|2| A|* log(4|5|| A| /8) mode by lower error upper bounds

Insights » Lower environmental complexity and a greater number of environments favor EL over ER
» Long context and environment diversity are key to both ER and EL
» Over-training and powerful IWL facilitate ER over EL

Principles to Maximize IC-EL capability

* Long and consistent trajectories
« Sufficiently diverse trajectories (relative to the environment complexity)

* Long-context memory-efficient model structures



Empirical Validation (1)

Long-context linear-attention world model (L2World)

\ Each image / action preprocessed by VAE / MLP encoder to acquire one single token
\ Linear Attention Layers (Gated Slot Attention)

\ Context window up to 10K images

® Dreamer-V3 (Hafner et al.,, 2025): LSTM, context window <1K

® NWM (Bar et al., 2025) : Diffusion, context window = 4
\ , \L 5
A s A s Iy H 'y A A
_ hy ha hr_1i hiyq heva Re sk
Observation (1) | " .

Llnear Attentlon Layers i Linear Attention Layers &¢:—— ¢ry1 - —»Prik—1

—> $ra i «— Chunk-wise Computation —— +— Recurrent Inference —»

- ﬁ M S| Eury. o g ope . f
! ! 5r+1 Ari1 r+k ] Ai12

| i =—— In-Context Learning Multi- Step Prediction

Encoders & Decoders | Training i Evaluating



Empirical Validation ()

Experiment Settings

\ Random cartpoles

\ Random houses navigation (Mazes, ProcTHOR (Deitke et al., 2022))

W g

WH || Wle)

| 9 m, my, l
Scope 1 | [8,12] [08,12] [0.08,0.12] [04,0.6]
Scope 142 | [2.16] [0.5.2.0] [0.05,0.20] [0.20, 1.0]

Random cartpoles Random houses navigation



Empirical Validation (lII)
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Empirical Validation (lII)

Results — Navigation World Models

.. . Model Pre-train Post-train =1 T=10 T=100 T=1000 T=10000
\ Pre-training in Mazes (assets free) L2World : 549 1822 1902 1974 1981
L2World | Maze-32K-L | o ron o | 1646 2023 2105 2189 22.04
\ Post_training in ProcTHOR L2World | Maze-32K-S 19.80 1945 1986  20.57 20.61
L2World | Maze-128-L 19.16 1960 2020 2094 1646
\ Identical data scales, more diversity and  Dreamer - 1982 2261 2399 2351 2276
_ _ NWM - ProcTHOR40K | 1830 2141 2111 2102 20.08
longer trajectories means better L2World . 257 2267 2339 2492 2298
o : L2World | Maze-32K-L 1721 2281 2432 2540  23.94

generalization (to unseen environments)
Seen | Unseen

Model |
| =] T=10 T=100 T=1000 T=H}U{]Cl| T=1 T=10 T=100 T=1000 T=10000

L2World (Maze-32K-L) | 16.80 2097 23.11 24.65 25.05 16.37 21.24  23.17 24.66 24.65
L2World (Maze-32K-S) | 18.57 19.28 19.67 20.21 2048 1845 1924 19.63 20.29 20.31
L2World (Maze-128-S) | 1947 20.39  20.58 22.02 21.77 18.01 18.63 19.00 19.67 19.63
L2World (Maze-128-L)) | 18.54 20.86 23.32 25.65 26.00 1754 1943 2096 21.54 21.52
Dreamer (Maze-32K-L) | 1640 21.82 19.24 21.26 21.89 16.81 2048 2140 22.65 22.12
Dreamer (Maze-128-L) | 17.13 20.64 21.83 22.20 2243 1426 1454 14.09 13.46 13.50
NWM (Maze-32K-L) 20.84 2021 19.19 22.32 21.06 16.20 1671 17.00 17.37 17.85




Additional Results

PSNR

AR 1: Empirical Evidences of EL vs ER

A EL is more context-dependent:

more sensitive to context disturbances

AR 2: ICL of world models aligns well with
predictive coding

A The larger the current prediction error,

the more the model gain in the next step

AR 3: Memory states in Linear attention effectively
captures global mapping through ICL only

20% context swap

50% context swap

32K-L-0%(base)

128-L-0%(base)
. 32KL-20%
128L-20%

text Length = 10

32K-L-0%{base)
128-L-0%{base)
. 32KL-50% . &
O 128-L-50%




Thanks!

L2World (Maze-32K-L) Dreamer (Maze-32K-L) NWM (Maze-32K-L)
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A demo cases of the self-adapation of world models through ICL
(Comparison among L2World, Dreamer, NWM)




