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Abstract

World models enable agents to predict future dynamics conditioned on actions,
making the choice of latent representation central to planning and control. Such
representations are often either learned directly from pixels with limited seman-
tic structure or inherited from frozen visual foundation models with excessive
task-irrelevant detail, yielding state spaces that are poorly matched to downstream
planning and control. This is especially challenging in reward-free offline set-
tings, where the model must learn from fixed trajectories without reward supervi-
sion or online interaction. To address this, we propose TC-WM, a framework for
turning foundation-model embeddings into compact, task-sufficient world repre-
sentations. The key design is to treat the pretrained embedding space as a seman-
tic scaffold rather than as the final state space: TC-WM linearly projects high-
dimensional visual embeddings into a compact latent as the dynamic space, aligns
a subspace with the agent’s physical state via contrastive learning, and recon-
structs embeddings to preserve useful visual structure. This combines the gener-
ality of foundation features with the controllability of task-centric dynamics. The-
oretically, we show that TC-WM suffices to identify the underlying task-centric
latent factors up to a simple transformation. Empirically, TC-WM enables test-
time planning across diverse environments (e.g., Robomimic and D4RL), achiev-
ing better world-modeling quality and more precise control than state-of-the-art
approaches.

Webpage: https://task-centric-world-model.github.io/

1 Introduction

An agent that can simulate its environment can plan, generalise, and act efficiently from limited
experience, a long-standing goal that motivates research on world models [Sutton, 1991, Ha and
Schmidhuber, 2018, Hafner et al., 2020, Hansen et al., 2024]. Recent progress has crystallised the
field into three architectural branches that differ in the level at which dynamics are predicted (Fig-
ure 1). Generative models (a) predict future observations directly in pixel space [Ha and Schmidhu-
ber, 2018], providing rich visualisation but at heavy computational cost. Latent models (b) instead
learn a compact latent representation and predict dynamics within it [Hafner et al., 2021, 2023, 2025,
Hansen et al., 2022, 2024, Schrittwieser et al., 2020], with reward signals (e.g., in TD-MPC and
MuZero) often shaping the latent into a task-relevant representation. Embedding models (c), most
recently exemplified by DINO-WM and V-JEPA [Assran et al., 2025, Zhou et al., 2025, Baldassarre
et al., 2025], skip the representation-learning step by predicting directly in the frozen feature space
of a pre-trained foundation model, leveraging its broad semantic priors for zero-shot generalisation.

Generally, pretrained visual embeddings are useful not because they form ideal state representa-
tions, but because they provide a strong semantic coordinate system from which such states can be
extracted. This view is aligned with recent representation-alignment results in generative modelling
(e.g., REPA [Yu et al., 2025]), which shows that tying generative latents to frozen visual encoders
simplifies high-dimensional generation. For world models, we therefore build dynamics on top of
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Figure 1: Comparison of world model paradigms (a)–(c) and our task-centric refinement (d)–(e).
Detailed related work can be found in Section D.

foundation embeddings rather than from pixels alone, inheriting object- and scene-level structure
before learning temporal prediction.

The challenge is that foundation embeddings are optimised for broad semantic coverage rather than
for world dynamics or specific planning tasks [Hafner et al., 2020, Hu et al., 2023, Zhang et al.,
2025]: they encode textures, lighting, and background details that do not affect control. A robot
navigating a room needs spatial layout and movable-object dynamics, not wall colour or sofa tex-
ture. When generic embeddings serve directly as world-model latents, the model spends capacity on
irrelevant variation, hurting modelling efficiency and control interpretability [Schneider et al., 2024].
This burden is most acute under high-dimensional action spaces: Maze or Push-T use only 2-D ac-
tions, but contact-rich Robomimic requires a 7-DoF arm with a 43-D proprioceptive state (Table A1),
where every irrelevant latent dimension becomes a possible factor of representation-collapse and
wasted planning capacity. The task-centric fix, pursued broadly in representation learning [Lesort
et al., 2018, Schölkopf et al., 2021, Locatello et al., 2020, Ho et al., 2022] and implemented by
reward-guided latents in, e.g., TD-MPC2 and MuZero [Hansen et al., 2024, Schrittwieser et al.,
2020], is to retain only the information needed to predict task-relevant futures.

We introduce TC-WM (Figure 1d–e), a task-centric world model designed around this decompo-
sition. Instead of predicting pixels or rolling out the full foundation embedding, TC-WM treats
the embedding as a reusable visual scaffold and learns compact latent dynamics above it. A des-
ignated subspace aligns with the environment’s physical state, while the complementary subspace
remains anchored to the pretrained embedding via reconstruction, preserving useful visual structure
while filtering nuisance variation. This design yields an identifiability guarantee of task-relevant
representation of world dynamics, validated by our linear probing and ablations.

Once the task-centric representation is ready, it supports a wide suite of downstream policy-learning
control, including test-time planning with model predictive control [Draeger et al., 1995] for goal-
reaching tasks, a latent diffusion planner [Xie et al., 2025] for manipulation tasks, and model-free
reinforcement learning [Haarnoja et al., 2018] for locomotion tasks.

Empirically, TC-WM improves both world model quality, reward-free offline planning and control
across 9 benchmarks; Figure 2 highlights the Robomimic setting with a high-dimensional action
space, where the gains are largest, the learned latent linearly recovers physical states, and our design
prevents representation collapse compared with models directly building on visual embeddings.
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2 Method

2.1 Problem Setup

We formulate the problem as a partially observable Markov decision process (POMDP) [Kaelbling
et al., 1998] defined by (S,O,A, penv), where S denotes the latent environment state space, O the
observation space, and A a continuous action space. The environment evolves according to latent
dynamics penv(st+1 | st,at), while observations ot ∈ O are generated from latent states st through
an unknown observation process. We assume access to a low-dimensional proprioceptive signal
spt ∈ Rd, which captures the agent’s physical configuration (e.g., joint positions, end-effector pose,
gripper state). This signal represents a partial, directly observable projection of the full state st.

Given an offline dataset of visual trajectories D = {(ot,at, spt )}Tt=0, where visual observations
can be further encoded into embeddings xt, our goal is to learn a world model that infers a latent
representation zt from observation histories and models its dynamics. We aim for the learned latent
sequence [z0, . . . , zT ] to be task-centric, meaning that it preserves information necessary to predict
future task-relevant dynamics under actions, which is formally defined below.

Definition 1 (Task-Centric Representation). A latent representation zt = f(o≤t,a<t) is task-
centric with respect to proprioceptive state spt if it satisfies the following two conditions.

penv(s
p
t+H | o≤t,a<t,at:t+H−1) = penv(s

p
t+H | zt,at:t+H−1)︸ ︷︷ ︸

Sufficiency: for any action sequence
replacing history by zt leaves the future unchanged

penv(s
p
t | zt) = penv(s

p
t | o≤t,a<t)︸ ︷︷ ︸

Task-Aligned:
preserve the current proprioceptive state

2.2 Task-Centric World Model (TC-WM)

Overview. TC-WM learns a compact rollout state zt on top of frozen visual embeddings, using
proprioception to identify the dimensions needed for physical dynamics. Figure 3 illustrates the
pipeline, whose main components are:

Joint embedding xt =
[
foemb(ot), f

p
emb(s

p
t )
]

▷ Frozen visual + trainable proprio
Latent encoder zt ∼ q(zt | xt) ▷ Linear projection to compact latent
TC alignment zst ↔ spt , zt=[zst , z

c
t ] ▷ Align zs with proprio

Latent dynamics ẑt+1 = fθ
(
zt-H:t, at-H:t

)
▷ Predicts next latent state

TC dynamics ŝpt+1 = fpη
(
zt-H:t, at-H:t

)
▷ Predicts next proprioception

Embedding decoder x̂t = fdec(zt) ▷ Reconstructs visual embedding
(1)
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Here H is the prediction horizon, ot the image observation, and spt the observed proprioceptive
signal. The embedding xt serves as the visual anchor, while zt is the latent state optimised for
prediction and planning. We introduce each module below.

▷ Joint Embedding. At each time step, a frozen encoder foemb, such as DINOv2 [Oquab et al.,
2023], maps the image ot to a visual feature, while a trainable linear layer fpemb maps proprioception
spt . Their concatenation xt = [foemb(ot), f

p
emb(s

p
t )] is not the rollout state. It provides a struc-

tured input to the latent encoder: frozen visual features contribute spatially coherent, object-centric
cues [Zhou et al., 2025, Baldassarre et al., 2025, Yu et al., 2025], and proprioception supplies the
physical coordinate injection, which serves as side information.

▷ Latent Encoder. To further distill the visual embeddings, TC-WM treats them as a scaffold
rather than directly modeling temporal dynamics within them. Specifically, we introduce an encoder
q(zt | xt) that transforms the joint embedding xt into a latent representation zt, which is further
trained to satisfy Definition 1. This projection is the central abstraction step: it retains the semantic
directions useful for reconstructing and predicting the scene, but compresses away dimensions that
are not useful for future physical state prediction.

▷ TC Alignment. Directly aligning the full latent space with sp would discard the rich semantic
content captured by the visual embedding. We therefore perform a partial alignment: we factorise
zt = [zst , z

c
t ] and align only the state-relevant block zst with the proprioceptive state spt via an

InfoNCE-style contrastive objective [Oord et al., 2018], leaving the complementary block zct free
to absorb residual semantic structure (object appearance, background, etc.) so that the embedding-
reconstruction loss introduced below can still be satisfied. Critically, this contrastive term plays
a stronger role than mere prediction: prior conditional generative identifiability frameworks [Khe-
makhem et al., 2020, Zimmermann et al., 2021] passively assume mechanism diversity, that is,
distinct physical states inducing distinct conditionals, as a property of the data-generating process.
TC-WM’s alignment instead actively produces this diversity on zst by pushing latents tied to differ-
ent proprioceptive states apart, turning what was a passive assumption (cf. A2 of Theorem A1) into
a learned property of the encoder.

Lalign = − log
exp(sim(gϕ(z

s
t ), hψ(s

p
t ))/τ)∑

s−t
exp(sim(gϕ(zst ), hψ(s

p−
t ))/τ)

, (2)

where gϕ, hψ are small projection heads, sim(·, ·) is cosine similarity, τ is the temperature, positive
pairs (zst , s

p
t ) are drawn from the same timestep, and negatives sp−t from other samples in the batch.

In practice, gϕ is implemented as a linear map Rdz→Rds with an ℓ1 penalty on its weight matrix,
so zst is automatically selected by sparsity rather than pre-sliced from zt; ds functions only as an
upper bound on the width of the task-centric block.

▷ Latent Dynamics. We adopt the ViT [Dosovitskiy, 2020] as the transition architecture fθ to
predict ẑt+1 = fθ(zt−H:t,at−H:t), which models the temporal dependencies of states and actions
by minimizing a predictive consistency loss

Lzdyn = ∥ẑt+1 − q(zt+1 | xt+1)∥22
which encourages the transition to capture dynamics in the projected latent space rather than at the
raw embedding level.

▷ TC Dynamics. Beyond instantaneous alignment, we predict these proprioceptive variables di-
rectly from the history to encourage the latent space to capture task-centric dynamics:

Lsdyn = ∥fpη (zt−H:t,at−H:t)− spt+1∥22.

We predict raw (but standardised) proprioception rather than its embedding, which avoids trivial
solutions where the state-embedding layer fpemb collapses to match its own output.

▷ Embedding Decoder. A trainable linear decoder fdec reconstructs the visual embedding xt from
zt. This term acts as a regulariser that anchors the compact latent to the foundation-embedding
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Figure 4: Planning algorithms used in TC-WM. (a) Cross-Entropy Method (CEM) for navigation:
the world model rolls out K sampled action sequences, scores each rollout against a goal latent zg
via cost C, and refines the action distribution by elite selection. (b) LDP planning for manipulation:
a diffusion planner generates future latent trajectories [zt+1, . . . , zt+H ], and an inverse dynamics
model (IDM) recovers executable actions from consecutive latent pairs.

manifold, keeping the latent space smooth, well-spread across samples, and free of the degenerate
solutions that compact latents are otherwise prone to:

x̂t = fdec(zt), Lrec = ∥x̂t − xt∥22 . (3)

In our view, the embedding of a visual foundation model, e.g., DINO [Oquab et al., 2023] or V-
JEPA [Assran et al., 2023], can be a better reconstruction target than raw pixels (which generative
world models typically use [Hafner et al., 2020, 2023, Alonso et al., 2024]): it offers a denoised
supervision signal that promotes a stable, compact latent, as verified in Section 3.3.

Visual Decoder. For visualization only, an auxiliary decoder maps predicted embeddings to im-
ages, ôt = fvis(x̂t), with Limg = ∥ôt − ot∥22 separated from world-model optimization.

The overall training objective combines dynamics prediction and representation alignment:

Lall = Lzdyn + Lsdyn + λalignLalign + λrecLrec,

where λalign balances alignment and dynamics, and λrec governs the embedding reconstructions.

2.3 Test-Time Planning and Control with TC-WM

To validate whether the task-centric representations can be translated into better downstream plan-
ning, we evaluate the learned world model on visual goal-reaching tasks performed entirely in the
latent space Z . Given an initial observation o0 and a goal observation og , we encode them as
z0 = q(z0 | x0) and zg = q(zg | xg). Planning is then formulated as minimizing a latent-space
objective that measures the distance between the predicted latent state and the goal state:

Lplan(a0:T ) = ∥fHθ (z0,a0:T )− zg∥22.

For tasks with low-dimensional action spaces, such as navigation, we adopt model predictive control
(MPC) [Draeger et al., 1995] with the cross-entropy method (CEM) to iteratively refine action se-
quences based on predicted rollouts by Lplan(a0:T ) (Figure 4a). For high-dimensional, contact-rich
manipulation, we use latent diffusion planning (LDP) [Xie et al., 2025] over TC-WM’s task-centric
latents (Figure 4b). LDP trains a diffusion planner for future latent trajectories and an inverse dy-
namics model (IDM) for executable actions:

LLDP(ψ) = Eτ,ϵ
[
∥ϵψ(ẑt+1:t+H ; zt, τ)− ϵ∥22

]
, LIDM(ξ) = Ei,τ,ϵ

[
∥ϵξ(ât+i; ẑt+i, ẑt+i+1, τ)− ϵ∥22

]
.

At inference, the planner samples ẑt+1:t+H by denoising conditioned on zt, and the IDM decodes
actions from consecutive latent pairs. Compared with the original VAE-based LDP, replacing the
encoder with TC-WM’s latent space gives a more structured representation for planning; details are
in Appendix A.3. For continuous control, we couple TC-WM with an off-policy actor–critic. The
resulting latent zt obtained by TC-WM is treated as the observation of a Soft Actor–Critic (SAC)
agent [Haarnoja et al., 2018], which is then trained from environment interaction with the same
protocol used by the baselines. We report the mean episode return across 3 seeds.
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Theoretical Rationale. The following theorem formalizes why a compact latent learned on frozen
embeddings, once aligned with physical signals, can recover the task-relevant state needed for pre-
diction and planning. We write Lv|u for the conditional linear operator induced by p(v | u), where
[Lv|uϕ](v) =

∫
p(v | u)ϕ(u) du. Injectivity of L means that distinct latent states induce distin-

guishable futures, i.e., the observed dynamics vary across latent states.

Theorem 1 (Task-centric identifiability from visual embeddings)

Suppose images ot, frozen embeddings xt, and latent variables zt = [zst , z
c
t ] follow the process

in Section 2.2, and the learned latent world model matches the true joint distribution of adjacent
embeddings {xt−1,xt,xt+1}. Assume:
A1. (Contextual dynamics): Lxt+1:t+H |zt

and Lxt−H:t−1|xt+1:t+H
are injective and bounded.

A2. (Latent–observed variability): For any z
(1)
t ̸= z

(2)
t , p(xt | z(1)t ) ̸= p(xt | z(2)t ).

A3. (Differentiability): There exists a differentiable F such that F [pxt|zt
(· | zt)] = hz(zt).

A4. (Partial alignment): The alignment objective in Eq. (2) is sufficiently minimized.
Then the learned zt is block-wise identifiable, and the task-centric zst is affine-identifiable:

ẑt = hz(zt), hz invertible and C1︸ ︷︷ ︸
Latent Space Recovery: the compact latent preserves

the true world state up to reparameterization

zst = Aẑst + b︸ ︷︷ ︸
Task-Centric Recovery: the aligned block recovers

physical factors up to an affine map

Proof sketch and intuition. The observable joint distribution over neighboring embeddings deter-
mines an operator family that is a similarity transform of the diagonal operator indexed by p(xt | zt).
Injective context operators make this diagonalization unique up to a smooth reparameterization, and
the alignment loss selects the task-centric block by tying it to physical variables. Thus, the linear
projection and proprioceptive alignment in TC-WM can recover a compact, physically meaningful
latent (see Appendix B) rather than only producing successful predictions on the training set.

3 Experiments

We evaluate TC-WM across a diverse set of offline control and visual planning benchmarks to as-
sess whether the learned representations are task-centric, predictively sufficient, and effective for
downstream decision-making. Our evaluation spans navigation, locomotion, and manipulation tasks
across simulated and real-world settings. We focus on three complementary aspects: (i) the ac-
curacy and stability of the learned world model, (ii) planning performance under both low- and
high-dimensional action spaces, and (iii) the interpretability and structure of the learned latent
representations through targeted ablations and analysis.

3.1 Environments and Tasks

We evaluate TC-WM on 9 offline visual-control environments spanning navigation, locomotion, and
manipulation in different metrics.
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Figure 5: Environments used in Experiments.

Datasets. As shown in Figure 5, the bench-
mark suite includes Maze and Wall for naviga-
tion, Push-T and RoboMimic Mandlekar et al.
[2021a] (Lift, Can, Square) for manipulation,
and Reacher, Cheetah, and Hopper from Deep-
Mind Control Suite [Tassa et al., 2018] for contin-
uous control. Dataset construction, action/state
dimensions, and preprocessing details are pro-
vided in Appendix A.1.
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Evaluation. We evaluate prediction quality using image-space reconstruction, latent rollout error,
and SSIM. For goal-reaching tasks, we report success rate (SR); for DMC locomotion tasks, we
report episode return.

Choices of Visual Foundation Models. We use DINOv2 [Oquab et al., 2023] as the default
frozen visual encoder, matching DINO-WM for fair comparison. Figure 9 additionally evaluates
DINOv3 [Siméoni et al., 2025] and Cosmos [Agarwal et al., 2025] as alternative visual foundation
models; implementation details are in Appendix A.2.

Baselines. We compare against four representative world-model baselines. TD-MPC2 [Hansen
et al., 2024] learns compact latent dynamics for model-predictive control, adapted here to replay-
only offline training. DreamerV3 [Hafner et al., 2025] learns a recurrent latent generative world
model with image reconstruction and imagination. MuZero [Schrittwieser et al., 2020], a represen-
tative task-oriented latent-dynamics method, is reproduced inside our framework as a representa-
tion/dynamics trained on the same offline trajectories (Section A.4). DINO-WM [Zhou et al., 2025]
predicts future frozen DINO embeddings directly and is the closest embedding-space baseline. All
methods use the same offline trajectories of images, actions, and proprioception.

3.2 Results and Analysis

World Model Prediction. Figure 6 separates image reconstruction from latent rollout accuracy.
Image-space error is task-dependent: TC-WM is competitive on Lift, Square, and Maze, while
baselines perform better on visually complex tasks like Push-T, Cheetah, and Hopper. In contrast,
TC-WM achieves the lowest latent prediction error on nearly all tasks, especially in manipulation
settings where accurate dynamics are crucial. This suggests that compressing frozen visual embed-
dings preserves key structure while yielding a more stable state space.

Open-loop rollouts in Figure 7 provide the qualitative counterpart: TC-WM better preserves contact
events, gripper motion, and object placement over long horizons. The main tradeoff is image-space
fidelity on visually complex dynamics, where compact projection can discard low-level details.
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Figure 7: Open-loop rollouts on RoboMimic: Lift (left half) and Can (right half).
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Planning Performance. Figure 8 evaluates planning with CEM for low-dimensional control and
LDP [Xie et al., 2025] for high-dimensional manipulation. TC-WM is competitive across CEM tasks
and obtains the clearest gains under LDP on Lift, Can, and Square, where planning depends on
precise long-horizon object interaction. This supports the main empirical claim: task-centric latents
matter most when the action space is complex and control-relevant physical state must remain stable.
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Figure 8: Planning performance of TC-WM against TD-MPC2, DreamerV3, MuZero, and DINO-
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(Bottom) LDP planning on Lift, Can, and Square, where high-dimensional action spaces make
task-centric latent dynamics especially important. TC-WM matches the strongest baseline on the
saturated CEM tasks and is the only method that surpasses DINO-WM on every LDP task.

Architecture and Module Ablations. Figure 9 summarizes architecture-level ablations on
RoboMimic. Random projection performs poorly, showing that dimensionality reduction alone is
not enough. DINOv2 and DINOv3 provide the strongest foundation features, while Cosmos is
weaker in this setting. Among projection heads, the linear map gives the best balance between
planning success and embedding reconstruction.

0 20 40 60
Mean Success Rate (%)

DINO-WM

DINOv2 + RP-32

DINOv2 + RP-16

TC-WM (DINOv3)

TC-WM (Cosmos)

TC-WM (DINOv2)

29

15

16

47

27

54

0.95 0.90 0.85 0.80
Mean SSIM

0.88

0.83

0.81

0.90

0.85

0.91

0 20 40 60
Mean Success Rate (%)

ViT

MLP

VAE

Linear

19

51

33

54

0.95 0.90 0.85 0.80
Mean SSIM

0.85

0.89

0.85

0.91

Bars show means; markers show individual task values: ○ Lift, □ Can, △ Square.

(a) Visual encoder (b) Projection head

Figure 9: Architecture/module ablations on RoboMimic. (a) Visual encoder or latent-source choice
and (b) projection-head ablation, each showing success rate on the left and mirrored SSIM on the
right. RP denotes randomly projected DINOv2 embeddings. Bars show means over Lift, Can, and
Square; markers show individual task values.

Robustness to unseen visual perturbations. Following the test-time perturbation protocol of
DINO-WM [Zhou et al., 2025], we feed each frozen world model inputs corrupted by Gaussian
noise (σ=0.1) or color jitter (per-channel scale ∈ [0.8, 1.2], shift σ=0.05). Figure 10 shows TC-
WM recovers the manipulator and object pose under both perturbations, and its relative SSIM drop
is consistently smaller than DINO-WM’s, e.g., −2.5% vs. −4.8% under noise on Lift.

3.3 Evaluation on Learned Representations

Linear Probing on Latent Representation. To validate that TC-WM learns task-centric repre-
sentations, we probe the learned latent space using ground-truth full states, including proprioceptive
signals, object states, and goal-related indicators. We use the same protocol for all methods: train
a linear regressor from each method’s latent to the target state variables and report R2 scores. The
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linear-probing panels in Figure 2 show that TC-WM more accurately recovers these task-centric
variables, indicating that its latent space is not merely predictive but physically grounded.

Projection Design Rationale. Figure 9 also explains why we use a linear projection. Frozen visual
embeddings already contain structured semantic directions, so the projection mainly needs to select
and align a compact task-centric subspace rather than relearn visual abstraction. More complex
projectors can distort this geometry or introduce optimization and bottleneck effects. This empirical
trend is consistent with Theorem 1, which shows that a linear transformation is sufficient to recover
the task-centric subspace up to an affine mapping.

Ablation on Loss Components. Figure 11 isolates the role of each loss on Lift. Removing
embedding reconstruction causes the largest collapse, reducing both planning success and SSIM,
which confirms that Lrec anchors the compact latent to the foundation embedding space. Removing
proprioceptive supervision mostly preserves SSIM but lowers SR, showing that alignment shapes
the latent for control rather than visual fidelity. The zs/zc split dimension has only a modest effect,
suggesting that performance is not sensitive to this hyperparameter.
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Figure 11: Ablation on loss components and latent split dimension (Lift, 100 epochs). Lrec=0
collapses both planning (SR) and visual fidelity (SSIM); proprioceptive supervision (Lalign, Lsdyn) is
essential for planning; zs split dimension has modest effect. † Without embedding reconstruction,
the latent collapses and trivially predicts itself, so LP is artificially low.

4 Conclusion

In this paper, we propose TC-WM, a task-sufficient world modeling framework that abstracts visual
foundation embeddings into compact, task-centric latent spaces for accurate world modeling, plan-
ning, and control. By learning dynamics in this latent space rather than directly in high-dimensional
embeddings, TC-WM improves predictive accuracy and planning performance in reward-free of-
fline settings. Our results highlight the importance of projecting visual foundation embeddings into
a task-centric subspace for world modeling and effective control, rather than using them verbatim.

Limitations and Future Work. TC-WM requires a training-time signal that exposes physical
information (here proprioception spt ); when unavailable, distilled physical proxies or multi-view
supervision are natural substitutes. Two follow-up directions we find promising are using TC-WM
as a lightweight downstream-alignment module on top of a larger pretrained generative world model,
and training a generative dynamics model directly on the foundation embedding space to combine
pixel-free supervision with control-centric structure. Details are in Section E.
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A Experiment Details

A.1 Environments and Dataset Collection

We evaluate across nine environments. Below we describe the data source for each group, organized
by collection method.

DINO-WM released data (Maze, Wall, Push-T). We directly adopt the released datasets from
DINO-WM [Zhou et al., 2025]. Maze follows the PointMaze environment of D4RL [Fu et al., 2020],
where a force-actuated 2-DoF ball navigates to a goal; the dataset contains 2000 random trajecto-
ries. Wall is a 2D room-to-room navigation task with 1920 fixed-wall and 10240 randomized-wall
trajectories. Push-T, adapted from Chi et al. [2025], uses 18.5k expert demonstrations and 20k
randomized trajectories for a block-pushing task.

RoboMimic official demonstrations (Lift, Can, Square). We use the official demonstration
datasets released by the RoboMimic benchmark [Mandlekar et al., 2021b]. All three tasks are simu-
lated in robosuite [Zhu et al., 2020] with MuJoCo, using a 7-DoF Franka Panda robot. Demonstra-
tions are collected via the RoboTurk teleoperation platform [Mandlekar et al., 2018], where human
operators control the robot arm through a smartphone interface. We use the Proficient-Human (PH)
demonstrations, which are collected by a single skilled operator: 200 trajectories each for Lift
(robosuite Lift), Can (PickPlaceCan), and Square (NutAssemblySquare). Image observa-
tions are rendered from two simulated cameras (a front-facing agentview and a wrist-mounted
robot0 eye in hand).

TD-MPC2 rollouts (Reacher, Cheetah, Hopper). We generate offline trajectories by rolling out
pretrained TD-MPC2 checkpoints from Hansen et al. [2025] in the DeepMind Control Suite. For
each task we collect trajectories over multiple rounds, with actions produced by the TD-MPC2
policy conditioned on the current observation. We record rendered frames and low-dimensional state
observations at each step. To ensure demonstration quality we apply a return-based filter: episodes
are accepted only if their total return exceeds 0.75×median (or 1.25×median when negative).

Table A1: Action and proprioception dimensionalities of all nine evaluation environments. The
Robomimic manipulation tasks (Lift, Can, Square) have markedly higher-dimensional action and
proprioceptive spaces than the navigation and DMC continuous-control benchmarks, justifying our
use of LDP and our claim that they form the most challenging planning regime in this study.

Category Dataset Action dim Proprio dim Action type Planner

Navigation Maze 2 4 continuous force (Fx, Fy) CEM
Wall 2 4 continuous velocity (vx, vy) CEM

Pushing Push-T 2 5 continuous 2D target (tx, ty) CEM

Manipulation
Lift 7 43 6 DoF joint velocity + gripper LDP
Can 7 43 6 DoF joint velocity + gripper LDP
Square 7 43 6 DoF joint velocity + gripper LDP

DMC control
Reacher 2 6 continuous joint torque CEM
Cheetah 6 17 continuous joint torque CEM
Hopper 4 15 continuous joint torque CEM

A.2 Details of Selected Visual Foundation Models

DINOv2. We use the TorchHub implementation from facebookresearch/dinov2 with back-
bone dinov2 vits14. Given an input image tensor x ∈ RB×3×H×W , we extract patch-level fea-
tures as the representation. This yields a sequence of normalized patch tokens of shape (B,N,D),
whereD = num features (384 for ViT-S/14) andN = (H/patch size) ·(W/patch size) with
patch size = 14, matching the configuration used by DINO-WM [Zhou et al., 2025].

DINOv3. We use the version facebook/dinov3-vitb16-pretrain-lvd1689m. The encoder
takes RGB images x ∈ RB×3×H×W as input, which are normalized using the model-provided
mean and standard deviation when available (otherwise ImageNet statistics). DINOv3 employs a
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ViT-B/16 backbone with patch size 16 × 16 and hidden dimension D = 768. The raw output has
shape (B, 1+R+N,D), whereN = (H/16)·(W/16) denotes the number of patch tokens andR the
number of register tokens. Following standard practice, we discard the CLS token and any register
tokens, retaining only the patch tokens of the shape RB×N×768 as the final visual representation.

Cosmos CI Tokenizer. For Cosmos, we use the NVIDIA/Cosmos-0.1-Tokenizer-CI8x8 tok-
enizer encoder loaded from a TorchScript checkpoint. Images are resized to 112× 112 and encoded
in FP16. The encoder produces latents of shape (B,C,H ′,W ′) (with C = 16 in our setting), which
we reshape into tokens (B,H ′W ′, C). With patch size 8 and image size 112, this yields a 14 × 14
token grid (i.e., 196 tokens), aligning with the token-count budget used by the rest of the architecture.

A.3 Pipeline of Planning on Manipulation Tasks

In this subsection, we describe the latent-space planning and control procedure. Depending on the
task setup and data modality, we employ the Cross-Entropy Method (CEM) for navigation tasks and
Latent Diffusion Planning (LDP) framework [Xie et al., 2025] for manipulation tasks, based on the
complexity of action space.

On Navigation Tasks. For low-dimensional action spaces we plan directly with CEM, treating the
encoded goal latent as the target state.

(1) Latent Encoding. Given the current observation o0 and the goal observation og , both repre-
sented as RGB images, we first extract visual embeddings x0 = femb(o0) and xg = femb(og),
then encode them into latent states:

z0 = q(z0 | x0), zg = q(zg | xg).

(2) Planning Objective. The objective is to minimize the distance between the predicted final latent
ẑHp and the goal latent zg:

C = ∥ẑHp
− zg∥2, where ẑHp

= f
Hp

θ (z0,a0:Hp−1).

(3) Action Sampling. At each planning iteration, CEM samples a population ofN action sequences
{ai0:Hp−1}Ni=1 from a Gaussian distribution. The initial mean and covariance are initialized as
µ0 and Σ0.

(4) Trajectory Rollout. For each sampled sequence, the learned world model predicts the latent
rollout:

ẑt = f tθ(z0,a0:t−1), t = 1, . . . ,Hp,

and the trajectory cost Ci is computed according to the objective above.
(5) Elite Selection and Update. The top K trajectories with the lowest costs are selected as elites,

and the sampling distribution is updated by:

µ← mean(a(1:K)), Σ← cov(a(1:K)).

(6) Iteration. A new population of N trajectories is resampled from the updated Gaussian, and the
process is repeated for a fixed number of iterations Tcem.

(7) Execution. After optimization, the firstHa actions a0:Ha−1 are executed in the environment. At
the next timestep, a new observation xHa is encoded and the planning process repeats, forming
a closed-loop receding-horizon controller.

On Manipulation Tasks. For high-dimensional, contact-rich actions we couple TC-WM with the
Latent Diffusion Planning (LDP) framework [Xie et al., 2025].

(1) Input Encoding. Given the current observation o0, goal observation og , and proprioceptive
state sp0, we use TC-WM to encode observations into latent states:

z0 = q(z0 | femb(o0)), zg = q(zg | femb(og)).

(2) Planning Objective. The planner forecasts a sequence of future latent states [ẑk+1, . . . , ẑk+Hp
]

conditioned on zk, optimized by the diffusion loss:

Lplanner(ψ) = Et,ϵ
[
∥ϵψ(ẑk+1, . . . , ẑk+Hp ; zk, t)− ϵ∥2

]
.
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(3) Inverse Dynamics Model. The IDM reconstructs actions between latent states via:

LIDM(ξ) = Et,ϵ
[
∥ϵξ(âk; zk, zk+1, t)− ϵ∥2

]
.

(4) Latent Trajectory Sampling. At inference, the planner samples ẑk+1, . . . , ẑk+Hp ∼ N (0, I)
and iteratively denoises via DDPM updates using ϵψ .

(5) Action Reconstruction. For each pair (ẑk+i, ẑk+i+1), actions âk+i are generated through dif-
fusion updates with ϵξ.

(6) Execution and Replanning. The first Ha actions âk, . . . , âk+Ha−1 are executed, and the pro-
cess repeats with new latent observation zk+Ha , forming a closed-loop latent MPC scheme.

A.4 Implementation Details of Baselines

Offline Version of DreamerV3 We implement an offline variant of DreamerV3 [Hafner et al.,
2023] that trains exclusively from a fixed replay buffer without any environment interaction. The
offline pipeline reads precomputed trajectories (images ot, actions at, and optional proprio/state
and rewards), builds the DreamerV3 replay, and runs the standard DreamerV3 world-model training
loop on randomly sampled batches. Evaluation is performed on held-out trajectories by reconstruct-
ing and open-loop predicting image sequences: the model encodes a context window of observed
frames (posterior) and imagines the future (prior), after which the decoder produces reconstruc-
tions/predictions that are compared to ground truth. We keep the original DreamerV3 architecture
and losses, and only adapt the data loading, replay ingestion, and offline evaluation logic to accom-
modate reward-free datasets and dataset-specific observation formats.

Offline Version of TD-MPC2 We implement TD-MPC2-Offline by adding a replay-only train-
ing pipeline to the official TD-MPC2 codebase [Hansen et al., 2024]. The offline trainer removes
all environment interaction and learns solely from a fixed dataset. Robomimic demonstrations are
loaded from preconverted episode files (RGB video, actions, rewards, terminals), and a fixed replay
buffer is built once at startup. Training samples random sequences from this buffer, matching the
original TD-MPC2 update equations; no online data is added. For evaluation, we introduce an of-
fline validation split and compute losses on held-out sequences without parameter updates. To align
with visual world-model diagnostics, we add a reconstruction decoder and rollout visualization: the
decoder is trained with reconstruction loss (with backpropagating into the latent), and rollouts are
generated by iterating the latent predictor and decoding predicted latents. Rollout visualization uses
the same format as our method. We also extend rollout logic to respect frame skipping by apply-
ing the full action sequence within each skip window (rather than subsampling actions), ensuring
motion fidelity in long-horizon rollouts.

Offline Version of MuZero We adapt MuZero [Schrittwieser et al., 2020] to the offline setting
by keeping its three-network decomposition—representation h, dynamics g, and prediction f—and
supervising the joint model on fixed trajectories instead of MCTS-driven self-play. In our implemen-
tation, h is the frozen DINOv2 encoder followed by the same compact linear projector as TC-WM, g
is a Transformer next-latent predictor that consumes (zt,at), and f collects the per-step heads over
the latent. As our datasets carry no dense reward, f reduces to a policy head fπξ trained by behaviour
cloning on the recorded action; the reward and value heads remain available in the codebase and are
deactivated only because the supervision is missing. The training loss is Lcons+0.25 ∥fπξ (zt)−at∥22,
where Lcons matches the unrolled latent to the encoded next-step latent with a stop-gradient on the
target, as in the original MuZero. With reward labels the standard Lcons + Lr + 0.25Lv + 0.25Lπ
objective is recovered by simply enabling the reward and Monte-Carlo value heads.

A.5 Compute Resources

All training and evaluation runs use a single NVIDIA H100 80 GB GPU per experiment. A typical
TC-WM run on Lift / Can / Square converges in roughly 8 hours over 100 epochs at peak memory
≈ 35GB; Push-T / Wall / Maze converge in 1–2 hours; the DMC tasks (Reacher, Cheetah,
Hopper) take 4–6 hours each. Each baseline (TD-MPC2, DreamerV3, MuZero, DINO-WM) uses
the same single-H100 budget per environment, with comparable wall-clock times. Aggregating
training, evaluation, and the linear-probe / unseen-perturbation studies, the experiments reported in
the paper consume roughly 1,200 H100 GPU-hours.
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Table A2: Physical interpretation of state observations and their partitioning into three task-centric
variable groups for the Robomimic datasets, based on their roles in the robot trajectory. Gray entries
are not used during training; they serve only as ground-truth references for planning.
Dataset Proprio Object Goal

Lift robot0 joint pos, robot0 joint pos sin,
robot0 joint pos cos, robot0 joint vel,
robot0 eef pos, robot0 eef quat,
robot0 eef quat site, robot0 gripper qpos,
robot0 gripper qvel

object pos, object quat grip obj rel vec

Can robot0 joint pos, robot0 joint pos sin,
robot0 joint pos cos, robot0 joint vel,
robot0 eef pos, robot0 eef quat,
robot0 eef quat site, robot0 gripper qpos,
robot0 gripper qvel

object pos, object quat target pos, target quat

Square robot0 joint pos, robot0 joint pos sin,
robot0 joint pos cos, robot0 joint vel,
robot0 eef pos, robot0 eef quat,
robot0 eef quat site, robot0 gripper qpos,
robot0 gripper qvel

object pos, object quat target pos, target quat

B Theoretical Rationale: When and How can We Learn Task-centric
Representation from Visual Foundations?

This appendix expands the theoretical statement of Theorem 1. Section B.1 discusses the motivation,
the underlying hierarchical generative model, the assumptions, and an empirical sanity check on
Lift. Section B.2 contains the full proof.

B.1 Illustration and Analysis

Understanding when and how task-centric representation can be learned from visual foundation
models is critical for modern world-model training. We study this problem through identifiability,
the asymptotic guarantee of recovering a semantically meaningful latent space. The discussion is
organized around three previously underexplored questions: (1) how imposing a latent Markov
structure on top of visual foundations helps guide world representations; (2) why a simple linear
projection is sufficient to transform rich visual features into task-relevant world representations; and
(3) empirically validating these claims through ablation studies and linear probing experiments.

We first establish identifiability of task-centric representation in a general framework.

Definition 2 (Recoverability of Task-Centric Representation). The estimated ẑst is a nontrivial trans-
formation of the true zst in the defined process of Sec. 2.2 for each frame.

We next show that, under mild regularity assumptions, our formulation described in Sec. 2.2 guar-
antees such recoverability.

A View from Hierarchical Model. To justify that learning dynamics from frozen visual embed-
dings is theoretically sound, we show that the underlying task-centric world representation ẑst faith-
fully captures the physical factors governing the environment. As illustrated in Figure A1, our
architecture forms a three-level hierarchy: raw observations ot are mapped to foundation embed-
dings xt by a frozen encoder, which are then projected into a compact latent zt = [zst , z

c
t ]. The

theorem below guarantees that this hierarchical process preserves the task-relevant factors.
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Figure A1: Graphical model of TC-WM’s hierarchical structure. Circles denote latent variables;
squares denote observed variables. Observations ot are mapped to frozen FM embeddings xt
(Layer 1), then projected to a compact latent zt = [zst , z

c
t ] (Layer 2, dashed orange box). The

unified temporal arrows act on the joint latent zt. Lalign aligns zst with proprioception spt ; Lrec
(curved) regularises by reconstructing the embedding from zt. Assumptions A1–A4 of Theorem A1
are annotated.

We first formalize this property through the concept of recoverability, which ensures that the learned
latents are meaningful transformations of the true task-relevant variables.

Theorem A1 (Task-centric identifiability from visual embeddings)

Suppose images ot, frozen embeddings xt, and latent variables zt = [zst , z
c
t ] follow the process

in Section 2.2, and the learned latent world model matches the true joint distribution of adjacent
embeddings {xt−1,xt,xt+1}. Assume:
A1. (Contextual dynamics): Lxt+1:t+H |zt

and Lxt−H:t−1|xt+1:t+H
are injective and bounded.

A2. (Latent–observed variability): For any z
(1)
t ̸= z

(2)
t , p(xt | z(1)t ) ̸= p(xt | z(2)t ).

A3. (Differentiability): There exists a differentiable F such that F [pxt|zt
(· | zt)] = hz(zt).

A4. (Partial alignment): The alignment objective in Eq. (2) is sufficiently minimized.
Then the learned zt is block-wise identifiable, and the task-centric zst is affine-identifiable:

ẑt = hz(zt), hz invertible and C1︸ ︷︷ ︸
Latent Space Recovery: the compact latent preserves

the true world state up to reparameterization

zst = Aẑst + b︸ ︷︷ ︸
Task-centric recovery: the aligned block recovers

physical factors up to an affine map

Takeaway

This theorem justifies our hierarchical paradigm: even though TC-WM learns dynamics in the
foundation-embedding space xt rather than in raw pixels ot, the reconstruction and alignment
objectives suffice to recover the physically meaningful latent factors that drive the environment.
The result connects our approach to a broader family of “dynamics on pretrained encoders,”
including recent generative and latent diffusion frameworks such as VideoLDM [Blattmann
et al., 2023], DiT [Peebles and Xie, 2023], RAW [Zheng et al., 2025], and REPA [Yu et al.,
2025].

Proof Sketch. Our argument unfolds in three steps. (1) Under nonparametric assumptions, em-
beddings xt are invertible transformations of images ot (e.g., DINO or β-VAE), thus preserving
the environment’s essential factors. (2) For the embedding-level latent zt, we construct an integral
operator over 2H+1 adjacent observations and show, via Markov conditional independence and a
spectral decomposition argument, that any model matching the true joint distribution of {xt−H:t+H}
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recovers zt up to an invertible reparametrisation hz . (3) For the task-centric subspace zst , the In-
foNCE alignment with the proprioception spt collapses hz on the zs-block to a map that depends
only on zst , and an exponential-family/dot-product argument then forces it to be affine. The full
proof is given below.

Empirical Verification of Assumptions on Lift. We complement the theory with direct empir-
ical checks of A1–A4 on a fully trained TC-WM checkpoint (Lift, dz = 256, ds = 64). All
probes operate on the patch-mean-pooled latent zt and the mean-pooled foundation embedding xt;
all randomness uses fixed seeds.

A1 (Contextual Dynamics). A1 demands that Lxt+1:t+H |zt
be both bounded and injective. We

probe the closely related forward sensitivity ∥∆x∥/∥∆z∥ on 4096 random pairs of (latent, embed-
ding) co-drawn from validation trajectories. The ratio is tightly concentrated, with median 14.37,
5th percentile 11.16, and 95th percentile 19.26 (Figure A2); the lower tail is bounded away from
zero, evidencing injectivity, and the upper tail is bounded, evidencing the operator-norm part of A1.

A2 (Latent–Observed Variability). A2 demands that distinct latents yield distinct conditional
embeddings, z(1)t ̸= z

(2)
t ⇒ p(xt | z(1)t ) ̸= p(xt | z(2)t ). As a population-level surrogate we

measure how strongly latent distance predicts embedding distance: Figure A2 plots ∥zi−zj∥ against
∥xi − xj∥ over 2037 random validation pairs. The two distance series are nearly comonotone, with
Spearman ρ = 0.910 and Pearson ρ = 0.911; in particular, no points cluster near the ∆x ≈ 0 axis
at non-zero ∆z, ruling out the failure mode that A2 forbids.

A3 (Differentiability). A3 is satisfied by construction: the projector and embedding decoder are
smooth C1 neural networks, the conditional density p(xt | zt) is the output of a differentiable
Gaussian decoder, and the functional F of A3 can be taken as a moment-matching label, which is
differentiable in zt via the implicit function theorem. No further empirical check is needed.

A4 (Partial Alignment). A4 demands that the InfoNCE alignment loss be sufficiently minimized.
We linearly probe both subspaces against the proprioceptive state spt (Figure A2). On the full TC-
WM checkpoint the task-centric block achieves R2(ẑst → spt ) = 0.592 ± 0.007, a +5.8 absolute-
point improvement over the alignment-free ablation (0.534 ± 0.027). The complementary block
ẑct predicts spt at R2 = 0.680 ± 0.008, but its dimensionality is three times higher (dc = 192 vs
ds = 64); on a per-dimension basis the task-centric block is more than twice as efficient at encoding
proprioception (0.0093 vs 0.0035 R2 per dim), confirming that the InfoNCE objective concentrates
the proprioceptive content in the designated zs-block.

B.2 Proof of Theorem A1

Notation and setup. We restate the data-generating process from Section 2.2 in a form convenient
for the proof. Observations ot ∈ O are mapped by a frozen visual foundation encoder fenc to
embeddings xt = fenc(ot) ∈ X ⊆ Rdx , and the embedding is generated from a compact latent
zt ∈ Z ⊆ Rdz through a (possibly noisy) mixing

xt = g(zt, ϵ
0
t ), ϵ0t ⊥ ϵ0t′ for t ̸= t′, ϵ0t ⊥ z1:T , (A1)

with the noise sequence {ϵ0t} exogenous and i.i.d. The latent splits as zt = [zst , z
c
t ] with zst ∈ Zs ⊆

Rds and zct ∈ Zc ⊆ Rdz−ds , and the latent process {zt} is first-order Markov,

p(zt+1 | z1:t) = p(zt+1 | zt). (A2)

The proprioception used by the InfoNCE alignment of Eq. (2) is a deterministic function of the
task-centric block,

spt = m(zst ), m : Zs → Sp is a C1-diffeomorphism onto its image. (A3)

For any two random variables u ∈ U and v ∈ V with conditional density pv|u, the induced linear
(integral) operator is

Lv|u : F(U) −→ F(V), [Lv|uϕ](v) :=

∫
U
p(v | u)ϕ(u) du,

where F(·) denotes a suitable space of L1-densities, and is bounded whenever the conditional den-
sity is essentially bounded. We additionally use the multiplication operator ∆xt

: F(Z) → F(Z)
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Figure A2: Empirical verification of assumptions A1, A2, and A4 on Lift. (a) A1 (Contextual
Dynamics): distribution of the forward-sensitivity ratio ∥∆x∥/∥∆z∥ over 4096 validation pairs
— the ratio is bounded above and away from zero, supporting injectivity and boundedness of the
context operator. (b) A2 (Latent–Observed Variability): scatter of ∥zi − zj∥ against ∥xi − xj∥ for
2037 validation pairs (Spearman ρ = 0.910) — distinct latents map to distinguishable embedding
distributions. (c) A4 (Partial Alignment): linear-probe R2 from ẑst and ẑct to spt (5-fold CV, ridge
α=1); the InfoNCE alignment lifts R2(ẑs→ sp) from 0.534 to 0.592 while leaving ẑc essentially
unchanged. (d) The same comparison on a per-dimension basis (R2 divided by ds=64 or dc=192):
the task-centric block is more than 2× as efficient at encoding proprioception, confirming that the
alignment concentrates proprioceptive information in zs.

defined by [∆xtϕ](zt) := p(xt | zt)ϕ(zt), which acts as a (functional-valued) diagonal scaling
indexed by zt and parametrised by xt.

We use ·̂ to denote estimated quantities: ẑt ∈ Ẑ , ĝ, p̂, etc. The hypothesis of Theorem A1 asserts
that the estimated and true joint distributions of {xt−1,xt,xt+1} coincide.

Conditional independence structure. The combination of (A1), the i.i.d. noise assumption, and
the Markov property (A2) implies the two relations

xt−H:t−1 ⊥ xt+1:t+H

∣∣ zt, xt ⊥ xt−H:t−1, xt+1:t+H

∣∣ zt, (CI)

which we use throughout. The first relation says that, conditioned on the present latent zt, past and
future embeddings are independent; this is the Markov screening property combined with the fact
that each xτ is a noisy function of zτ alone. The second says that the present embedding xt depends
on the past and future only through zt, which follows directly from (A1): xt is a function of (zt, ϵ0t ),
and ϵ0t is independent of every other quantity.

We first establish block-wise identifiability of zt from the matched joint distribution of 2H+1 ad-
jacent embeddings, and then refine this to the affine recovery on the task-centric subspace using the
InfoNCE alignment objective.

Fix a time index t. The goal is to show that any estimated model whose joint distribution over
{xt−H , . . . ,xt+H} matches the true one must agree with the true generative model up to an invert-
ible reparametrisation of the latent at t. By the first relation in (CI), the joint density of past and
future windows admits the latent-mediated decomposition

p(xt−H:t−1, xt+1:t+H) =

∫
Z
p(xt−H:t−1 | zt) p(xt+1:t+H | zt) p(zt) dzt. (A4)
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Dividing by the marginal p(xt+1:t+H) and recognising p(zt | xt+1:t+H) = p(xt+1:t+H |
zt) p(zt)/p(xt+1:t+H) on the right, this rewrites in operator form as

Lxt−H:t−1 |xt+1:t+H
= Lxt−H:t−1 | zt

◦ Lzt |xt+1:t+H
. (A5)

Each composing operator is bounded by A1. To see that Lzt|xt+1:t+H
is well defined and injective,

observe that Bayes’ rule yields Lzt|xt+1:t+H
= Dp(zt) ◦ L∗

xt+1:t+H |zt
◦D−1

p(xt+1:t+H), where Dq de-
notes the multiplication operator by density q and L∗ is the formal adjoint; injectivity of Lxt+1:t+H |zt

from A1 transfers, via the adjoint and the strict positivity of the marginals on the relevant supports,
to injectivity of the posterior operator on the range that arises in (A5).1 Combined with the injectiv-
ity of the cross-operator Lxt−H:t−1|xt+1:t+H

from A1, equation (A5) admits a unique left-inverse on
the relevant function space; we will use this to invert the composition in Step 3.

We now bring the present embedding xt into the picture. By the second relation in (CI), the four-way
joint factorises with xt entering only through p(xt | zt):

p(xt−H:t−1, xt, xt+1:t+H) =

∫
Z
p(xt−H:t−1 | zt) p(xt | zt) p(xt+1:t+H | zt) p(zt) dzt.

Dividing by the marginal p(xt+1:t+H) and treating xt as a parameter (so that p(xt | zt) becomes a
zt-indexed scalar), this rewrites as the operator identity

Lxt−H:t−1,xt |xt+1:t+H
= Lxt−H:t−1|zt

◦ ∆xt
◦ Lzt |xt+1:t+H

. (A6)

Equations (A5) and (A6) together yield

Lxt−H:t−1,xt |xt+1:t+H
◦ L−1

xt−H:t−1 |xt+1:t+H︸ ︷︷ ︸
=:Txt (observable)

= Lxt−H:t−1|zt
◦ ∆xt

◦ L−1
xt−H:t−1|zt

. (A7)

Two facts about (A7) are central. First, the right-hand side is a similarity transform: Txt
is ∆xt

written in the basis given by Lxt−H:t−1|zt
. Since ∆xt

is the diagonal multiplication operator with
eigenvalue p(xt | zt) at index zt, the family {Txt}xt∈X is simultaneously diagonalised by the same
eigenfunction system, namely the columns of Lxt−H:t−1|zt

, with eigenvalues {p(xt | zt)}zt∈Z .
Second, Txt

is fully determined by the joint distribution of {xt−H:t−1,xt,xt+1:t+H}, a quantity
matched by the estimated model under the hypothesis of the theorem. Any estimated decomposition

Txt
= L̂xt−H:t−1|ẑt

◦ ∆̂xt
◦ L̂−1

xt−H:t−1|ẑt

must therefore agree with the true one as an operator equality.

It remains to show that the simultaneous diagonalisation of the family {Txt
}xt∈X uniquely deter-

mines the eigenvalue assignment zt 7→ p(xt | zt) and the eigenfunction system zt 7→ p(xt−H:t−1 |
zt), up to a single relabelling of the index set Z .

We first use A2 to argue distinct eigenvalues. Suppose, towards a contradiction, that for some pair
z
(1)
t ̸= z

(2)
t in Z the maps xt 7→ p(xt | z(1)t ) and xt 7→ p(xt | z(2)t ) coincide as functions on

X . This is exactly the negation of A2, and is excluded; consequently for almost every xt ∈ X the
eigenvalue assignment zt 7→ p(xt | zt) is injective on Z .

Next we leverage the simultaneous diagonalisation. Fix xt ∈ X and let λ(zt) := p(xt | zt). The
eigenvalues of Txt

are {λ(zt)}zt
with associated eigenfunctions ϕzt

(·) := p(xt−H:t−1 | zt)(·). By
A1 the eigenfunction system {ϕzt}zt is linearly independent; otherwise two distinct zt would induce
identical conditionals p(xt−H:t−1 | zt), contradicting the injectivity of Lxt−H:t−1|zt

.2 The standard
spectral theorem for compact operators with simple spectrum then guarantees that the eigenpairs
(λ, ϕ) are unique up to a permutation of the index set: any second simultaneous diagonalisation
λ̂(ẑt), ϕ̂ẑt

must satisfy λ̂(ẑt) = λ(zt) and ϕ̂ẑt
= ϕzt

whenever the indices are matched by some
bijection π : Z → Ẑ with ẑt = π(zt).

1The strict positivity of the marginals on supports is implicit in the assumption that the data process is non-degenerate, as
is standard in identifiability arguments for nonlinear ICA. The integral operators are taken on densities supported within X
and Z .

2Injectivity of Lxt−H:t−1|zt on densities is the dual statement: distinct eigenfunctions p(xt−H:t−1 | ·) must produce
distinct images.
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To make this last step concrete: if Txt has the two diagonalisations

Txt
=

∫
λ(zt)ϕzt

⊗ ψzt
dzt =

∫
λ̂(ẑt) ϕ̂ẑt

⊗ ψ̂ẑt
dẑt,

where {ψzt} are the dual basis vectors making the spectral resolution diagonal, then evaluating both
sides as operators on ϕz∗

t
for any fixed z∗t gives λ(z∗t )ϕz∗

t
=

∫
λ̂(ẑt) ⟨ψzt

, ϕz∗
t
⟩ ϕ̂ẑt

dẑt. Linear
independence of the ϕ̂’s, combined with distinctness of the λ̂’s away from a measure-zero set, forces
this expansion to be supported at a single ẑt = π(z∗t ). Repeating the argument across z∗t yields the
bijection π and the matching identities

p(xt | zt) = p̂(xt | π(zt)), p(xt−H:t−1 | zt) = p̂(xt−H:t−1 | π(zt)). (A8)

The bijection π obtained above is purely set-theoretic; assumption A3 promotes it to a differentiable
map. By A3 there is a functional F on conditional densities such that

F
[
pxt|zt

(· | zt)
]
= hz(zt) for all zt ∈ Z,

where hz : Z → Rdz is differentiable. Since p(xt | ·) separates points ofZ by A2, hz is in fact aC1-
injection on Z , and hence a diffeomorphism onto its image whenever its Jacobian is non-degenerate
(which is the regular case considered here). Applying F to the matched conditional from (A8),

hz(zt) = F
[
p(xt | zt)

]
= F

[
p̂(xt | π(zt))

]
= ĥz(π(zt)),

where ĥz is the analogous functional applied to the estimated conditional, and is a differentiable
map by the same argument applied to p̂. Composing,

π(zt) = ĥ−1
z

(
hz(zt)

)
.

The right-hand side is a composition of two C1-diffeomorphisms onto their images, hence is itself a
C1-diffeomorphism. Identifying π with the diffeomorphism hz := ĥ−1

z ◦ hz (overloading notation
by absorbing the inversion into the definition, as is standard), we obtain

ẑt = hz(zt),

with hz : Rdz → Rdz invertible and differentiable. This proves conclusion (i).

With block-wise identifiability in hand, we now refine hz to an affine recovery on the task-centric
subspace. Write ẑt = hz(z

s
t , z

c
t) broken into its first ds and last dz−ds coordinates as ẑt = (ẑst , ẑ

c
t),

and define
hs : Zs ×Zc −→ Ẑs, hs(z

s, zc) := πs
(
hz(z

s, zc)
)
,

where πs denotes projection onto the first ds coordinates. A priori, hs may depend non-trivially on
both arguments. We will show that A4 forces hs to be independent of zc, and that the residual map
zs 7→ hs(z

s) is affine. We begin by deriving the population limit of the InfoNCE objective in our
setting, working from Eq. (2). Write the per-anchor loss as

ℓM (ẑs, sp) := − log
e⟨ẑ

s,m′(sp)⟩/τ

e⟨ẑs,m′(sp)⟩/τ +
∑M
j=1 e

⟨ẑs,m′(sp,−j )⟩/τ
,

where sp,−j are i.i.d. negatives drawn from the marginal p(sp) and (ẑs, sp) ∼ ppos is a positive pair
from the joint distribution induced by the model. Splitting the logarithm and using the law of large
numbers,

1
M

M∑
j=1

e⟨ẑ
s,m′(sp,−j )⟩/τ a.s.−−−−→

M→∞
Esp,−∼p(sp)

[
e⟨ẑ

s,m′(sp,−)⟩/τ ] =: Z(ẑs),

so that, up to additive logM ,

E ℓM (ẑs, sp) −→ −E(ẑs,sp)∼ppos

[
⟨ẑs,m′(sp)⟩/τ

]
+ Eẑs∼p(ẑs)

[
logZ(ẑs)

]
+ logM. (A9)

Define the model conditional

q(sp | ẑs) :=
e⟨ẑ

s,m′(sp)⟩/τ

Z(ẑs)
p(sp),
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so that − log q(sp | ẑs) = −⟨ẑs,m′(sp)⟩/τ + logZ(ẑs) − log p(sp). Substituting into (A9) and
recognising the cross-entropy structure,

E ℓM −→ Eẑs∼p(ẑs) Esp∼p(sp|ẑs)

[
− log q(sp | ẑs)

]
− E

[
log p(sp)

]
+ logM. (A10)

The last two terms are constants independent of the encoder, so InfoNCE minimisation is, in the
M →∞ limit, equivalent to minimising the cross-entropy

H
(
p(sp | ẑs), q(sp | ẑs)

)
= Esp

[
− log q(sp | ẑs)

]
(A11)

in expectation over ẑs ∼ p(ẑs). The minimum of cross-entropy is attained, for each ẑs, when
q( · | ẑs) = p( · | ẑs) pointwise.

We now show that this alignment forces hs to be independent of zc. Substituting the explicit form
of q into the optimum condition q = p,

p(sp | ẑs) =
e⟨ẑ

s,m′(sp)⟩/τ

Z(ẑs)
p(sp) for almost every (ẑs, sp).

This is a strictly positive density in sp for each ẑs. Now we contrast this with the actual joint
distribution of (ẑst , s

p
t ) in our setting. We have ẑst = hs(z

s
t , z

c
t) and spt = m(zst ), and the latents

(zst , z
c
t) are jointly distributed with marginal p(zs, zc). Conditioning on ẑst = a,

p(spt | ẑst = a) =

∫
p(spt | zs, zc) p(zs, zc | ẑst = a) dzs dzc

=

∫
δ
(
spt −m(zs)

)
p(zs, zc | ẑst = a) dzs dzc

=

∫
{(zs,zc):hs(zs,zc)=a}

δ
(
spt −m(zs)

)
dµa(z

s, zc), (A12)

where µa is the disintegration of p(zs, zc) along hs = a. Compare (A12) with the smooth strictly
positive density obtained at the InfoNCE optimum: equality of the two requires the right-hand side
of (A12) to be a non-singular density in sp. The integral of a Dirac in sp is a non-singular density
only if either (a) the level set {hs = a} contains exactly one zs-value, or (b) m is constant along
that level set. The latter is excluded because m is a C1-diffeomorphism on Zs. Hence the level
set {(zs, zc) : hs(zs, zc) = a} is contained in {zs∗(a)} × Zc for some unique zs∗(a) ∈ Zs, which
means that

hs(z
s
t , z

c
t,1) = hs(z

s
t , z

c
t,2) for all zct,1, z

c
t,2 ∈ Zc.

We may therefore drop the zc-argument and write hs(zst , z
c
t) = h̃(zst ) for some map h̃ : Zs → Ẑs.

Bijectivity of h̃ is inherited from injectivity of hz (proved in Part (i)) restricted to its first block, so
h̃ is a bijection from Zs onto Ẑs.

Substituting ẑs = h̃(zs) and sp = m(zs) into the density-matching condition above,

p(sp | h̃(zs)) =
e⟨h̃(z

s),m′(sp)⟩/τ

Z(h̃(zs))
p(sp), (A13)

which holds for almost every zs ∈ Zs and sp ∈ Sp. Since by Step 2 the conditional p(spt | ẑst =

h̃(zs)) is supported at a single point sp = m(zs), the population identity (A13) should be interpreted
at the natural-parameter level of the underlying model: the InfoNCE-trained encoder selects h̃ so that
the implicit model q( · | ẑs) approaches the data conditional in the sharp-temperature limit τ → 0.
In this limit, the geometric content of the matching is captured by the equality of log-likelihood
ratios

log
q(sp,1 | ẑs)
q(sp,2 | ẑs)

= log
p(sp,1 | ẑs)
p(sp,2 | ẑs)

for all sp,1, sp,2 ∈ Sp.

Substituting the form of q from Step 1 and writing sp,k = m(zs,k) for k = 1, 2,

1
τ

〈
h̃(zs), m′(m(zs,1))−m′(m(zs,2))

〉
= log

p(sp,1 | ẑs)
p(sp,2 | ẑs)

. (A14)
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The right-hand side is a function of zs (through ẑs = h̃(zs)) and the pair (zs,1, zs,2). Symmetry
of the data process with respect to anchor and positive, which are both sampled from the same per-
time distribution, forces this function to be symmetric: swapping the roles of anchor and positive
negates (A14) on both sides. Setting zs,1 = zs and zs,2 arbitrary, the right-hand side measures
how strongly ẑs discriminates a positive at zs from one at zs,2. The standard outcome of such
symmetry analyses (see, e.g., the dot-product preservation argument that underlies isometric latent
recovery) is that the bilinear form (zs,1, zs,2) 7→ ⟨h̃(zs,1), h̃(zs,2)⟩ is determined, up to additive
and multiplicative constants, by the bilinear form (zs,1, zs,2) 7→ ⟨zs,1, zs,2⟩ on Zs. To make this
concrete: consider the second-order Taylor expansion of both sides of (A14) around zs,1 = zs,2. The
left-hand side is bilinear in (zs,1− zs,2) and ẑs (via m′ and the linearity of the inner product), while
the right-hand side, by Taylor expansion of the data conditional, is a quadratic form in (zs,1 − zs,2)
with coefficient determined by the negative log-density curvature. Identifying the two quadratic
forms gives, after re-arrangement,〈

h̃(zs,1), h̃(zs,2)
〉
= c

〈
zs,1, zs,2

〉
+ d ∀ zs,1, zs,2 ∈ Zs, (A15)

for constants c > 0 and d ∈ R that depend on τ , the prior p(zs) and the curvature of log p.

It remains to show that any C1-map h̃ : Zs → Ẑs on a compact convex body Zs ⊆ Rds satisfy-
ing (A15) must be affine. Subtracting (A15) evaluated at (zs,1, zs,2) and at (zs,1, zs,3) gives〈

h̃(zs,1), h̃(zs,2)− h̃(zs,3)
〉
= c

〈
zs,1, zs,2 − zs,3

〉
∀ zs,1, zs,2, zs,3 ∈ Zs.

This identity says the linear functional zs,1 7→
〈
h̃(zs,1), h̃(zs,2)− h̃(zs,3)

〉
on Zs equals the linear

functional zs,1 7→ c ⟨zs,1, zs,2 − zs,3⟩. Since Zs has non-empty interior, two linear functionals that
agree on Zs agree globally; matching them yields the existence of a linear operator A : Rds → Rds
such that, for any zs,2, zs,3 ∈ Zs,

h̃(zs,2)− h̃(zs,3) = A (zs,2 − zs,3).

Fixing a reference point zs0 ∈ Zs and defining b := h̃(zs0)−Azs0, this rearranges into

h̃(zs) = Azs + b ∀ zs ∈ Zs.

Plugging this back into (A15) forces A⊤A = c I, so A/
√
c is orthogonal; in particular A is invert-

ible. Combining with ẑst = h̃(zst ),
ẑst = Azst + b,

and inverting,
zst = A−1

(
ẑst − b

)
=: A′ ẑst + b′,

which is conclusion (ii). □

C More Visualizations and Analysis

Open-loop rollouts on Square. The Lift and Can rollouts appear in the main paper (Figure 7);
the corresponding Square panel is shown in Figure A3. Square requires fitting a square peg through
a tightly toleranced opening, giving a substantially longer effective horizon than Lift or Can. TC-
WM preserves the contact event and final peg placement across the horizon, while the baselines blur
or drift earlier.

Projection-architecture rollouts. Figure A4 is the qualitative counterpart of the projection-head
ablation in Figure 9: the linear projection used by TC-WM yields the most stable long-horizon
rollout, while MLP, VAE, and ViT projectors blur the cube or distort the gripper geometry, consistent
with the SR/SSIM ranking in the bar chart.

Training dynamics across ablations and baselines. Figure A5 compares the training dynamics
of TC-WM against its seven objective ablations and the closest baseline DINO-WM on Lift, eval-
uated on four uniform task-quality metrics: PSNR and SSIM on the predicted future frame, latent
next-step error in the projected latent space, and the image-reconstruction MSE on the predicted
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Figure A3: Open-loop rollouts on Square: TC-WM vs. TD-MPC2, DreamerV3, DINO-WM. Rows
show different methods with ground truth at the bottom.
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Figure A4: Open-loop rollouts on Lift under different projection architectures (linear vs. MLP /
VAE / ViT). The linear projection of TC-WM preserves geometric structure best.

frame. Removing the embedding-reconstruction term (Lrec, “w/o Embed recon”) is the only abla-
tion that visibly degrades prediction quality on all four metrics, validating its role as a regulariser;
the remaining ablations converge to TC-WM’s level of prediction fidelity.
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Figure A5: Training dynamics on Lift across TC-WM (full), seven ablations, and DINO-WM.
Top row: PSNR and SSIM on predicted frames (higher is better); bottom row: latent next-step
prediction error and image-reconstruction MSE on predicted frames (lower is better). Removing the
embedding reconstruction term (Lrec, “w/o Embed recon”) is the only ablation that visibly degrades
all four metrics.

Open-loop rollouts on Wall and Maze tasks. We compare offline world models by visualizing
open-loop rollouts on the Wall and Maze environments (Figure A6). These tasks require accurate
long-horizon spatial reasoning and obstacle awareness. Stronger world models preserve geometric
structure and trajectory consistency over time, while weaker baselines accumulate errors that lead
to spatial drift and collisions with walls, highlighting the importance of maintaining task-relevant
high-level dynamics rather than pixel-level reconstruction fidelity in offline world model learning.

Open-loop rollouts of DMC at different horizons. We visualize open-loop rollouts of our
method on Reacher, Cheetah, and Hopper across increasing rollout horizons (Figure A7). In
each subfigure, the first row shows the ground-truth future trajectory and the second row shows the
model’s open-loop rollout from the same initial state. Across all three environments, our method
closely matches the ground-truth dynamics at short horizons and remains stable as the rollout hori-
zon increases, preserving task-relevant structure such as joint configurations in Reacher, locomo-
tion phase consistency in Cheetah, and balance and contact dynamics in Hopper, which demon-
strates that our world model captures long-horizon dynamics beyond pixel-level reconstruction.

D Extended Related Work

Model-based RL & World Models. Learning dynamics models is a longstanding theme in con-
trol and planning, underpinning model-based reinforcement learning and optimal control [Sutton,
1990, Astolfi, 2010, Williams et al., 2018]. By explicitly modeling environment dynamics, model-
based approaches support planning and imagination, and have been shown to improve sample effi-
ciency and generalization across embodied learning settings, including online reinforcement learn-
ing [Sekar et al., 2020], exploration [Pathak et al., 2017], planning [Watter et al., 2015, Finn and
Levine, 2017], and imitation learning [Pathak et al., 2018]. Recent works such as Dreamer [Hafner
et al., 2021, 2023, 2025] and TD-MPC [Hansen et al., 2022, 2024] model compact dynamics from
high-dimensional observations to build world models for MBRL. However, because these models
are commonly trained with image reconstruction or reward-related objectives, it remains unclear
whether their latent representations retain sufficient task-centric information for downstream policy
learning. More recently, visual foundation models have been adopted as frozen encoders to provide
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Figure A6: Open-loop rollouts on Wall and Maze tasks for offline world model comparison.

semantically rich representations for dynamics prediction. Approaches such as DINO-WM [Zhou
et al., 2025] and DINO-world [Baldassarre et al., 2025] learn world models directly in embed-
ding spaces and demonstrate cross-domain generalization and zero-shot planning; a complementary
line imposes physics-based inductive structure on the latent through Hamiltonian dynamics and
symmetry priors [Tang et al., 2026], while a parallel line uses latent-aware diffusion for decision-
making [Feng et al., 2026]. However, visual embeddings optimized for general semantic under-
standing typically do not necessarily provide the structured, task-centric information required for
physical simulation and planning.

Task-Centric Representation Learning. Prior work from neuroscience, cognition, and modeling
highlights the importance of structured latent representation for planning [Ho et al., 2022], physical
inference [Rajalingham et al., 2022], and predictions consistent with neural and dynamical con-
straints [Mastrogiuseppe and Ostojic, 2018, Nayebi et al., 2023]. In representation learning for
control, this objective is commonly formalized as learning task-centric statistics: minimal repre-
sentations that only retain all information necessary for predicting future task-relevant states or re-
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DMC control

Figure A7: Open-loop rollouts of our method at different horizons on Reacher, Cheetah, and
Hopper.

wards [Lesort et al., 2018, Greff et al., 2019, Schölkopf et al., 2021, Locatello et al., 2020]. Notably,
TD-MPC2 [Hansen et al., 2024] explicitly frames its latent dynamics as a task-oriented represen-
tation optimized jointly with an actor–critic objective, while MuZero [Schrittwieser et al., 2020]
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learns value-equivalent representations that preserve only reward-relevant information. These meth-
ods learn task-sufficient representations end-to-end from reward signals, whereas TC-WM achieves
task-centric structure through alignment with proprioceptive observations in a reward-free, offline
setting. Motivated by this perspective, we aim to learn a latent space on top of visual embeddings,
which are semantically powerful but contain substantial task-irrelevant information, and therefore
require a post-processing stage for world models.

Representation Alignment. To enforce a task-centric structure of latent space, we leverage rep-
resentation alignment as a key solution, a common technique used to bridge distributional discrep-
ancies across domains. Contrastive and predictive objectives have been widely used to align repre-
sentations across modalities and abstraction levels. Contrastive learning, such as InfoNCE [Oord
et al., 2018] and its extensions (SimCLR [Chen et al., 2020], BYOL [Grill et al., 2020], VI-
CReg [Bardes et al., 2021]), encourage invariant yet discriminative representations for cross-modal
alignment [Radford et al., 2021], while predictive objectives enforce consistency across time or
modalities [Liu et al., 2023]. In the context of world models, alignment objectives help ensure
consistency between encoded observations and predicted future states [Bardes et al., 2024, Assran
et al., 2025], and have also been explored for aligning information across modalities [Wu et al.,
2025]. Recently, REPA [Yu et al., 2025] demonstrates that aligning intermediate representations of
diffusion transformers with pretrained visual encoders yields dramatic training speedups, validating
the broader principle that frozen foundation features can serve as useful semantic scaffolds. TC-WM
transfers this principle from visual generation to physical prediction and planning: instead of align-
ing a generative model to a visual encoder only for optimization, we learn a compact dynamics state
above the encoder and use proprioceptive alignment to select the portion of that state that is con-
trollable and task-relevant. A subtler but important methodological difference distinguishes our use
of contrastive learning from the conditional-generative identifiability literature [Khemakhem et al.,
2020, Zimmermann et al., 2021, Roeder et al., 2021]: there, mechanism diversity (distinct latents
inducing distinct observation conditionals) is a passive assumption imposed on the data-generating
process to make identification possible post hoc. In contrast, TC-WM’s InfoNCE term is the active
mechanism that produces this diversity on the task-centric subspace — by repelling latents associ-
ated with different proprioceptive states, the loss constructs the very property that prior frameworks
merely require, making identifiability a consequence of optimisation rather than a hypothesis on the
world.

E Limitations and Future Work

We elaborate on the limitation and the two future directions sketched in the main paper.

Limitation: training-time alignment signal. TC-WM’s identifiability guarantee assumes access
to a signal that exposes the controllable physical state of the system. We use proprioception, but
the same alignment loss is compatible with any low-dimensional task-centric proxy—e.g., 2D/3D
pose from a tracking model, depth from a monocular estimator, or cross-view consistency in a multi-
camera setup. Removing this assumption is a precondition for fully passive, video-only deployment.

Future Direction A: TC-WM as a downstream alignment module. The same recipe used for
foundation visual encoders extends to foundation world models. Given a large, pretrained generative
or video world model, freezing the backbone and training only the TC-WM head (linear projection,
alignment, embedding reconstruction) on a target-domain dataset would specialize the backbone’s
general-purpose dynamics for a specific embodiment, in the spirit of LoRA-style adaptation.

Future Direction B: generative world models on foundation embeddings. Existing world-
model families occupy distinct trade-offs: pixel-space generative models pay a high reconstruction
cost; free-latent models suffer from latent dynamics collapse, the predictor learns easy directions
instead of physical ones; embedding-space JEPA-style models avoid both but predict in a space
optimized for general semantics rather than control. A natural next step is to train a generative
dynamics model whose target lives on the foundation embedding manifold (e.g., a diffusion or flow-
matching head over embedding-space trajectories): the encoder removes photometric nuisance, the
generative loss penalizes collapse, and the target inherits pretrained semantics. TC-WM-style pro-
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jections at the output of such a generator would reintroduce the control-centric prior, combining the
strengths of all three families.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes].

Justification: The abstract and introduction state the method, theoretical guarantee, and
empirical scope across nine offline control benchmarks. The conclusion explicitly states
the main limitation, namely reliance on physical alignment signals during training.

Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes].

Justification: The conclusion includes a limitations paragraph discussing the need for phys-
ical alignment signals and possible extensions that distill such signals from other founda-
tion representations.

Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to ad-
dress problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

32



Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes].

Justification: The theory section states the assumptions used by the identifiability result and
the appendix provides the proof and empirical checks of the assumptions.

Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theo-

rems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a
short proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be comple-
mented by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes].

Justification: The main experiments section specifies the datasets, evaluation protocol, and
baseline configurations; the appendix details dataset construction (Section A.1), visual-
foundation-model variants (Section A.2), the CEM/LDP planning pipelines (Section A.3),
the offline adaptations of every baseline (Section A.4), and the compute setup (Section A.5).

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be per-

ceived well by the reviewers: Making the paper reproducible is important, regardless
of whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps
taken to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture
fully might suffice, or if the contribution is a specific model and empirical evaluation,
it may be necessary to either make it possible for others to replicate the model with
the same dataset, or provide access to the model. In general. releasing code and data
is often one good way to accomplish this, but reproducibility can also be provided via
detailed instructions for how to replicate the results, access to a hosted model (e.g., in
the case of a large language model), releasing of a model checkpoint, or other means
that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all sub-
missions to provide some reasonable avenue for reproducibility, which may depend
on the nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear

how to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to re-
produce the model (e.g., with an open-source dataset or instructions for how to
construct the dataset).
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In the case of closed-source models, it may be that access to the model is limited in
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to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes].

Justification: The main experiments describe the evaluation protocol, and the appendix
provides dataset construction, visual encoder details, planning procedures, and baseline
implementation details.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of

detail that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer: [Yes].
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Justification: Error bars are reported on every quantitative result that supports a main claim.
The planning bar charts (Figure 8) show one-sigma error bars across three seeds; the
assumption-verification panels in Figure A2 show one-sigma error bars across folds (5-
fold CV for the linear-probe panels) and across 4096/2037 random pairs for the histogram
and scatter; the distractor / unseen-perturbation results report mean SSIM over 15 held-out
trajectories per condition; the loss-component ablation in Figure 11 shows mean±std bars
across the same set of seeds. Where bars are not visible (saturated cells at 100%), the
justification appears in the corresponding caption.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should prefer-

ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of
Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or fig-
ures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes].
Justification: Section A.5 reports the hardware (NVIDIA H100 80 GB), per-experiment
memory and wall-clock cost, and the cumulative compute used across the project, including
preliminary runs that did not appear in the paper.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes].
Justification: The work uses established simulation benchmarks and released datasets, and
does not involve new human-subject experiments, sensitive personal data, or deployment
in safety-critical settings.
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Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require
a deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A].

Justification: This is foundational research on offline world models in simulated control
benchmarks. We do not identify a direct deployment pathway or specific societal impact
beyond general progress in machine learning.

Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no soci-

etal impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A].

Justification: The paper does not release high-risk pretrained generative models, scraped
web datasets, or assets with an apparent dual-use misuse risk.

Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes].
Justification: All datasets, simulators, foundation encoders, and baseline codebases used
in this work are cited at first use. ?? enumerates each asset together with its source URL,
version, and license, and confirms that our use complies with the corresponding terms of
use.
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the pack-

age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?
Answer: [N/A].
Justification: This work introduces no new public assets at submission time; it builds on ex-
isting benchmarks (D4RL, Push-T, RoboMimic, DeepMind Control) and pretrained visual
encoders (DINOv2, DINOv3, Cosmos), all of which are credited and licensed in ??.
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?
Answer: [N/A].
Justification: The paper does not conduct new crowdsourcing or human-subject experi-
ments. It uses existing benchmark data and simulation environments.
Guidelines:
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• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A].
Justification: No new human-subject data collection or intervention is performed in this
work.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A].
Justification: LLMs are not a component of the proposed method, experiments, or theoret-
ical contribution.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should
not be described.

38


	Introduction
	Method
	Problem Setup
	Task-Centric World Model (TC-WM)
	Test-Time Planning and Control with TC-WM

	Experiments
	Environments and Tasks
	Results and Analysis
	Evaluation on Learned Representations

	Conclusion
	Experiment Details
	Environments and Dataset Collection
	Details of Selected Visual Foundation Models
	Pipeline of Planning on Manipulation Tasks
	Implementation Details of Baselines
	Compute Resources

	Theoretical Rationale: When and How can We Learn Task-centric Representation from Visual Foundations?
	Illustration and Analysis
	Proof of Theorem A1

	More Visualizations and Analysis
	Extended Related Work
	Limitations and Future Work

