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Abstract

Joint-Embedding Predictive Architectures (JEPAs) learn latent world models1

through predictive objectives without explicit reward supervision. However, it2

remains unclear whether the latent representations encode information useful for3

control. In this work, we investigate whether reward and value signals can be4

recovered from the latent representations learned by LeWorldModel (LeWM), a5

JEPA-based action-conditioned world model. We implement reward and value prob-6

ing and conduct reward-aware finetuning of LeWM across multiple environments7

to evaluate whether the latent representations can support reward-guided model8

predictive control (MPC). Our results show that LeWM latents contain partially9

recoverable reward-relevant structure, but performance is highly environment-10

dependent. Reward-guided MPC succeeds in select environments, but fails to11

consistently outperform random planning in sparse, long-horizon settings. Our find-12

ings suggest that predictive JEPA latent spaces can encode useful reward-relevant13

information, but recoverable reward structure alone is insufficient to guarantee14

robust downstream control. Code is available on GitHub.15

1 Introduction16

World Models aim to learn latent representations useful for prediction and control. Classical latent17

world models such as DreamerV3 Hafner et al. [2025] and PlaNet Hafner et al. [2019] jointly optimize18

dynamics and reward objectives, explicitly shaping representations for downstream control. In19

contrast, JEPA-based world models Balestriero and LeCun [2025], Maes et al. [2026] focus primarily20

on predictive latent dynamics without explicit reward supervision. Despite lacking reward supervision,21

JEPA-based models such as LeWorldModel (LeWM) demonstrate goal-directed latent planning,22

suggesting that their latent spaces may encode task-relevant structure. However, it remains unclear23

whether these predictive latent representations contain recoverable reward and value information for24

downstream control.25

In this work, we investigate whether reward and value signals can be recovered and learned in26

LeWM latent representations and whether they can support downstream control. We evaluate this27

through reward and value probing, reward-aware finetuning of LeWM, and reward-guided model28

predictive control using learned reward models. We additionally compare LeWM representations29
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against DINOv2 Oquab et al. [2024] and DreamerV3 Hafner et al. [2025] baselines. Our contributions30

are:31

• We study reward and value probing across multiple horizons, temporal windows, and control32

environments using frozen LeWM representations.33

• We investigate reward-aware finetuning of LeWM while preserving predictive latent dynam-34

ics through joint optimization.35

• We evaluate whether learned reward models can support reward-guided model predictive36

control in latent space.37

2 Related Work38

World Models for Control Latent world models such as PlaNet Hafner et al. [2019], DreamerV339

Hafner et al. [2025] and TD-MPC Hansen et al. [2022] jointly optimize latent dynamics together with40

reward or value objectives, explicitly shaping representations for downstream control and planning.41

Recent JEPA-based approaches shift focus toward predictive latent representation learning without42

explicit reward supervision. I-JEPA Assran et al. [2023] introduced predictive joint-embedding43

learning for visual representations, while TD-JEPA Bagatella et al. [2026] and LeWM Maes et al.44

[2026] extend this paradigm toward reinforcement learning and world modeling. However, it remains45

unclear whether these predictive latent representations encode reward-relevant information useful for46

downstream control.47

Representation Probing Representation probing is commonly used to evaluate whether latent48

spaces encode task-relevant information. In contrast to prior probing work, we specifically investigate49

whether JEPA-based world model representations contain recoverable reward and value structure50

sufficient for downstream planning and control.51

3 Method52

We evaluate whether LeWM latent representations encode reward and value information useful for53

downstream control through three components: probing, reward-aware finetuning, and reward-guided54

planning.55

Reward and Value Probing We freeze pretrained LeWM encoders and extract latent representa-56

tions zt from offline trajectories. Lightweight MLP and Linear probes are trained to predict either57

immediate rewards or discounted returns from these latent states.58

For reward probing, probes predict rewards across varying rollout horizons and temporal observation59

windows:60

zt+h → rt+h, (zt+i)
w−1
i=0 → rt

For value probing, probes predict discounted Monte Carlo returns:61

Gt =

T−t∑
k=0

γkrt+k, zt+h → Gt+h

We compare probing performance against equivalent probes trained on frozen DINOv2 Oquab et al.62

[2024], DreamerV3 Hafner et al. [2025], and raw observation baselines.63

Reward-aware Finetuning To adapt latent representations toward control objectives, we finetune64

LeWM end-to-end with an additional reward/value prediction head while preserving the original65

latent prediction objective. The encoder, predictor, and action encoder are jointly optimized using66

reward/value supervision together with latent prediction and SIGReg losses.67
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Reward-guided Planning We evaluate whether learned reward/value models can support latent-68

space planning through reward-guided model predictive control (MPC). Candidate action sequences69

are rolled out using the LeWM predictor and scored using learned reward/value estimates:70

at =

[
arg max

at:t+H−1

H−1∑
k=0

γkr̂ψ(ẑt+k)

]
0

, at =

[
arg max

at:t+H−1

Ĝψ(ẑt+H)

]
0

Action sequences are optimized using the Cross-Entropy Method (CEM) in an MPC loop. For71

selected environments, we additionally compare against an oracle MPC baseline that performs CEM72

planning directly in the true environment using ground-truth transitions and rewards.73

4 Experiments and Results74

We evaluate probing, finetuning, and reward-guided planning across multiple Gymnasium Towers75

et al. [2025] environments spanning sparse/dense rewards, and discrete/continuous action spaces76

(Table 1). Additional training details and hyperparameters are provided in Appendix A.77

Table 1: Gymnasium Environments for running probing, finetuning, and planning experiments.
*CartPoleExplore-v0 is a custom environment. Details in Appendix B.

Environment Reward Space Action Space

ALE/Pong-v5 Sparse Discrete
LunarLander-v3 Dense Discrete
CarRacing-v3 Dense Continuous
Hopper-v5 Dense Continuous
FetchPickAndPlace-v4 Sparse Continuous
FetchPickAndPlaceDense-v4 Dense Continuous
MountainCar-v0 Sparse Discrete
CartPoleExplore-v0* Dense Discrete
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Figure 1: Value probing performance compared against DINOv2 and DreamerV3 encoder baselines.
Bars show the mean and standard deviation.

Reward and Value Probing LeWM latent representations contain partially recoverable reward78

and value structure, although performance is highly environment dependent (Figure 1). In several79

environments, LeWM probes perform competitively with DreamerV3 and DINOv2 baselines, while80

in others performance collapses toward mean prediction behavior.81

Increasing rollout horizons generally degrades probing quality due to accumulated latent rollout82

errors (Figures 2). In contrast increasing temporal observation windows can improve performance in83

environments with strong motion dynamics such as Pong and MountainCar, suggesting that stacked84

observations help infer information like velocity and direction (See Appendix C and E for more85

details).86
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Figure 2: Pong reward probing. Left: performance vs. predictor horizon h. Right: performance vs.
probe window size w. Shaded bands show seed variation as std.

Figure 3: Reward-guided MPC on representative environments. Bars show mean return; error bars
show standard deviation across seeds. Oracle MPC uses true simulator rewards.

Reward-aware Finetuning We evaluate whether explicit reward supervision can adapt LeWM87

latent representations toward reward prediction while preserving the pretrained latent dynamics.88

Joint optimization of the reward, prediction, and SIGReg losses stabilizes finetuning across all 889

environments without representation collapse: all three losses decrease together (Appendix Fig. 14),90

and test R2 improves over frozen-probe baselines on 11 of 15 (env, target) cells (Appendix Fig. 15),91

indicating that reward supervision is broadly compatible with the LeWM objective.92

Reward-guided MPC Reward-guided MPC performance depends heavily on the quality and93

stability of latent rollouts (Figure 3). While value-guided planning succeeds in select environments,94

particularly CarRacing, most environments fail to consistently outperform random planning baselines,95

particularly in sparse and long-horizon settings such as Pong and LunarLander. In Hopper, oracle96

reward-guided MPC substantially outperforms latent reward-guided MPC, indicating that errors in97

learned latent dynamics and reward estimation significantly degrade planning quality.98

These results suggest that recoverable reward structure alone is insufficient to guarantee reliable99

downstream control. Errors accumulated during rollout prediction can significantly degrade planning100

quality even when offline reward probing performs well.101

5 Conclusion102

We investigated whether predictive latent representations learned by JEPA-based world models103

encode reward and value information useful for downstream control. Using LeWM. we evaluated this104

question through probing, reward-aware finetuning, and reward-guided MPC across multiple control105

environments.106

Our experiments show that LeWM latent spaces contain partially recoverable reward-relevant struc-107

ture, although probing performance remains highly environment-dependent. Temporal observation108

windows improved performance in environments with strong motion dynamics, while increasing109

rollout horizons generally degrades prediction quality due to accumulated latent rollout errors.110

Reward-aware finetuning further suggests that reward supervision can be incorporated without imme-111
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diately destroying the predictive latent structure when jointly optimized with the latent prediction112

objectives.113

However, reward-guided planning reveals a significant gap between reward recoverability and down-114

stream controllability. While latent MPC succeeds in selected environments, comparisons against115

the oracle MPC demonstrate that learned latent rollouts remain substantially weaker than planning116

directly in the true environment. These results suggest that recoverable reward structure alone is117

insufficient to guarantee reliable latent-space control and that stable long-horizon dynamics remain a118

major challenge for JEPA-based world models.119

Future work may investigate hybrid predictive-control objectives, latent consistency regularization,120

and planning-aware representation learning to improve controllable world models.121
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A Experimental Setup163

A.1 Datasets and Preprocessing164

Dataset collection Offline datasets were generated separately for each environment using custom165

trajectory collection scripts. Depending on the environment, datasets were collected using heuristic166

policies, PPO-trained policies, expert SB3 baseline policies, or a mixture of expert policies and167

random stochastic policies. This ensured sufficient trajectory diversity and reward coverage.168

Collected trajectories store, in general, image observations, actions, rewards, done signals, and169

auxiliary metadata required for probing, finetuning, or planning. Collection scripts and corresponding170

configurations are released in the codebase.171
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Dataset preprocessing All environments use image-based observations collected from offline172

trajectories. To reduce repeated image decoding and preprocessing overhead during training, observa-173

tions were preprocessed offline through resizing and caching into uncompressed tensor formats prior174

to training. This preprocessing significantly reduced LeWM training time and dataloader overhead,175

reducing environment-dependent training times to approximately 1–5 hours depending on dataset176

size and environment complexity.177

Image observations were resized to 224x224 during data collection, prior to training.178

A.2 LeWM and DreamerV3 training179

LeWM and DreamerV3 (small) models were trained separately for each environment, using the180

generated offline datasets where applicable. Pretrained checkpoints from completed training runs181

were used for further probing, finetuning and planning experiments.182

LeWM training follows the original action-conditioned latent prediction setup together with SIGReg.183

DreamerV3 (small) models were training using the official DreamerV3 implementation.184

Training configurations and scripts will be released in the codebase.185

A.3 Reward/Value Probing186

Reward and Value probing evaluates whether frozen latent representations encode recoverable reward187

structure.188

Probe Inputs189

Probes are trained on (latent) representations extracted from:190

• pretrained LeWM encoders191

• DreamerV3 (small) encoders192

• DINOv2 encoder193

• Raw state observations.194

For LeWM and DreamerV3, probes are evaluated across multiple encoder seeds. Unless otherwise195

specified, encoder seeds {7, 42, 314} are used. DINOv2 uses a single pretrained checkpoint (s = 11).196

Raw state observations are only evaluated on environments where a low-dimensional state vector is197

available (CartPoleExplore, MountainCar, Hopper, LunarLander, FetchPickAndPlace), excluding198

image-only environments such as Pong and CarRacing.199

Probe Architectures200

Both linear and lightweight MLP probes are evaluated:201

• Linear: a single linear layer.202

• MLP: a two-layer MLP with ReLU activations and hidden size 256.203

• Deep MLP: a three-layer MLP with ReLU activations and hidden size 256.204

Two prediction targets are evaluated per environment:205

• Reward: the state-aligned immediate reward rt at the selected horizon. For CartPoleExplore206

and FetchPickAndPlace (sparse), this is a binary classification target; for Pong it is a three-207

class classification target ({−1, 0,+1}); for all other environments it is a regression target.208

• Value / Discounted return: the Monte Carlo return-to-go Gt =
∑T−t
k=0 γ

krt+k with γ =209

0.99, always treated as a regression target.210

For binary and Pong reward targets, class-weighted loss is applied to address class imbalance. For211

binary targets, the positive-class weight is set to w+ = N−/N+, where N− and N+ are the number212

of negative and positive training examples respectively. For the multiclass Pong target, per-class213

weights are computed analogously using inverse class frequencies.214
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Horizon and Temporal Window Sweeps215

Probe training is performed across prediction horizons h ∈ {0, 1, 2, 3, 4, 5, 10, 20, 30, 40, 50}216

(LeWM only; all other encoders use h = 0). Temporal window sizes w ∈ {1, 2, 3, 4, 5} are217

swept at h = 0; horizon sweeps use w = 1.218

Probing Datasets219

For each environment, we extract latent representations from the same trajectory dataset used to220

pretrain the corresponding LeWM. Observations are encoded in batches of 64 using each frozen221

encoder. For LeWM, latents are extracted at horizon offsets h ∈ {0, 1, . . . , 50} by rolling out the222

predictor from the encoded observation. For DreamerV3 and DINOv2, only h = 0 is used since these223

encoders do not support offline latent rollouts. DINOv2 uses the dinov2_vits14 variant.224

Training Details225

The trajectory dataset is split at the episode level using fixed 80/10/10 ratios for train, validation,226

and test respectively. Splitting by episode avoids temporal leakage between splits. Early stopping is227

monitored on the validation loss; all reported figures and tables use the held-out test split.228

All probes are trained with Adam (lr = 10−3), a batch size of 256, for up to 75 epochs with early229

stopping (patience 5, monitored on the validation loss). Three probe seeds are used ({7, 23, 42}),230

crossed with all encoder seeds, yielding at least 9 runs per configuration for LeWM and DreamerV3.231

The primary metric is chosen per objective type: R2 for regression targets, F1 for binary classification,232

and macro-F1 for Pong’s three-class reward target. All reported values are computed on the held-out233

test split. Figures show mean ± standard deviation across probe seeds and encoder seeds.234

A.4 Reward-aware Finetuning235

Reward-aware Finetuning attaches an additional reward/value prediction head to the pretrained236

LeWM. It jointly optimizes:237

• reward/value prediction loss238

• latent prediction loss239

• SIGReg loss240

The encoder, predictor, and action-encoder are jointly optimized during finetuning to preserve241

predictive latent dynamics while adapting representations toward downstream control objectives. For242

horizon-0 finetuning, reward supervision directly updates the encoder, projector, and reward/value243

head, while the predictor and action-encoder components continue receiving gradients only through244

the latent prediction objective. For horizons h > 0, reward/value supervision additionally updates the245

action encoder and predictor.246

Finetuning experiments use Adam optimization with per-cell tuned learning rates in the range247

2.5× 10−5 to 8.6× 10−5 (median ≈ 6.5× 10−5). Batch size is 256, reduced to 128 for the largest248

datasets (e.g., Pong). Models train for 5–10 epochs, taking approximately 3–30 minutes per run on a249

single H100 GPU depending on dataset size and rollout horizon. Full configurations are available in250

the codebase.251

Per-cell hyperparameters are selected via an Optuna sweep (TPE sampler) over lr, the three loss252

weights, and max_epochs, with validation loss as the objective; per-cell trial counts range from 15 to253

147 (median ∼40). Recipes are selected by a JEPA-preserving rule: the maximum validation R2 is254

subject to no increase in validation predictor loss over the pretrained baseline (∆pred_lossval ≤ 0),255

satisfied by at least one trial in all 15 cells. The seed-42 recipe is then re-applied unchanged to LeWM256

seeds 7 and 314 for a 3-seed transfer, and test metrics are aggregated as mean ± std across these three257

seeds on a held-out 10% episode-stratified split never seen during pretraining or finetuning.258

A.5 Reward/Value-guided MPC259

Reward-guided Model Predictive Control evaluates whether learned reward models can support260

latent-space planning.261
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Latent planning Candidate action sequences are rolled out using the LeWM latent predictor and262

scored using either learned reward estimates or learned value estimates.263

Cross-Entropy Method Planning uses CEM for iterative trajectory optimization.264

For discrete-action environments, categorical CEM sampling is used. For continuous control environ-265

ments, Gaussian CEM sampling is used with iterative mean and variance updates over elite action266

sequences.267

Unless otherwise specified, MPC uses:268

• planning horizon H = 5269

• 5 CEM optimization iterations270

• 128 candidate trajectories per iteration271

• 16 elite trajectories for the CEM update272

For LunarLander, we used H = 8, 256 candidates, and 32 elites. For the oracle simulator-MPC273

diagnostic, we used 256 candidates and 32 elites due to the smaller number of evaluated environments.274

For the MountainCar h = 10 return-probe condition, the planning horizon was set to H = 10.275

Oracle-Simulator MPC For selected environments, we additionally evaluate oracle-simulator276

MPC baselines using direct environment rollouts and ground truth rewards instead of latent imagi-277

nation. This provides an approximate upper bound on planning performance using the same CEM278

optimization procedure.279

Evaluation details Unless otherwise specified, MPC evaluations use fixed planning seeds (s = 17)280

across all experiments to reduce variance between planning runs. The reported values are averages281

based on probes trained on the 3-seed pretrained LeWMs.282

Depending on environment complexity and rollout source (latent imagination vs oracle environment283

rollouts), MPC evaluations require approximately 5 minutes to 1 hour per experiment.284

All methods were evaluated from dataset-sampled initial states using a fixed environment-specific285

episode budget; we report mean returns over 20–50 evaluation episodes depending on environment286

(Table 2).287

Environment Evaluation episodes Evaluation budget

CartPole 50 100
MountainCar 50 200
Hopper 50 50
CarRacing 20 300
Pong 20 500
LunarLander 30 300
FetchPickAndPlace 30 50
FetchPickAndPlaceDense 30 50

Table 2: Evaluation settings for reward-guided MPC. The evaluation budget denotes the maximum
number of real environment steps per episode.

Due to computational cost, the oracle simulator-MPC diagnostic was evaluated on 20 episodes for288

Hopper and FetchPickAndPlaceDense, using the same episode budgets as the main MPC runs.289

A.6 Compute Resources290

All experiments were conducted primarily on NVIDIA-A100 (40GB) GPUs provided through the291

Snellius supercomputing infrastructure.292

Probe training runs required 10–30 minutes per experiment depending on environment and probe293

architecture. Reward-aware finetuning required approximately 10 minutes to 2 hours per environment.294
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LeWM pretraining required between 1–5 hours depending on dataset size and environment complexity.295

MPC evaluations varied substantially depending on environment complexity and whether planning296

used latent imagination or oracle environment rollouts.297

B Environment details298

B.1 CartPoleExplore-v0299

CartPoleExplore-v0 is a modified version of CartPole-v1 to encourage broader state-space coverage.300

The following changes were introduced:301

1. The initial cart position is is sampled uniformly from [−2.0, 2.0].302

2. The initial pole orientation is sampled uniformly from [−π, π].303

3. The initial cart velocity and pole angular velocity are sampled uniformly from [−1.0, 1.0].304

4. The reward is binary: the agent receives reward 1 when the cart position remains within305

[−2.4, 2.4] and the pole angle remains within ±12◦ and 0 otherwise.306

5. Pole angle is no longer used as a termination condition. An episode terminates only when307

the cart position leaves the range [−2.4, 2.4], corresponding to the cart moving outside the308

visible frame.309

C Additional Results310

We ran various probing ablations, including multiple horizons h ∈ {0, 1, 2, 3, 4, 5, 10, 20, 30, 40, 50}311

and window sizes w ∈ {1, 2, 3, 4, 5}, for both reward and discounted return-to-go targets. We also312

ran action-conditioned and non-action-conditioned variants for the h = 0 and w = 1 settings. Below313

are some of the interesting results from these ablations.314

C.1 Value and reward probing315

Figures 4–7 summarise probing performance for discounted return and reward, across the subset of316

environments analysed in the main text and the remaining environments. They serve as a reference317

for the ablations in the following subsections.318

C.2 Short predictor rollouts improve reward and return retrievability319

In several environments, a short predictor rollout (h > 0) makes reward or return information easier320

to recover from the latent than the encoded latent alone (h = 0). Figure 8 shows this for MountainCar321

discounted return and Pong reward. This pattern is consistent with the predictor injecting transition-322

relevant information, conditioned on the previous latents and actions, that is not directly present in323

the single-step encoded latent. For example, this information could include velocity, which is highly324

relevant for both Pong and MountainCar.325

10
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Figure 4: Discounted return probing performance on the subset of environments analysed in the main
text, compared against DINOv2 and DreamerV3 encoder baselines. Bars show the mean and standard
deviation.
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Figure 5: Discounted return probing performance on the remaining environments, compared against
DINOv2 and DreamerV3 encoder baselines. Bars show the mean and standard deviation.
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Figure 6: Reward probing performance on the subset of environments analysed in the main text,
compared against DINOv2 and DreamerV3 encoder baselines. Bars show the mean and standard
deviation.
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Figure 7: Reward probing performance on the remaining environments, compared against DINOv2
and DreamerV3 encoder baselines. Bars show the mean and standard deviation.
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Figure 8: Probing performance over predictor horizon h for MountainCar (discounted return, left)
and Pong (reward, right). Short predictor rollouts improve probing relative to h = 0, with the effect
appearing at h = 1 in MountainCar and around h = 2 in Pong. Graphs show the mean and standard
deviation.

C.3 Temporal windows produce a similar effect326

Explicit temporal windows produce a qualitatively similar improvement to short predictor rollouts.327

Figure 9 shows that increasing the probe window size from w = 1 improves both MountainCar return328

probing and Pong reward probing. This supports the interpretation that the predictor and the temporal329

window both expose motion- or transition-related information that is difficult to recover from a single330

encoded latent.331

12



1 2 3 4 5
Probe window size

0.5

0.6

0.7

0.8

0.9

1.0

R
2

mountaincar  discounted return  lewm

Head
linear
mlp
deep mlp

1 2 3 4 5
Probe window size

0.3

0.4

0.5

0.6

0.7

m
ac

ro
 F

1

pong  state aligned reward  lewm

Head
linear
mlp
deep mlp

Figure 9: Window-size sweeps for MountainCar discounted return (left) and Pong reward (right).
Increasing w from 1 improves probing in both environments, mirroring the effect of short predictor
rollouts in Figure 8. Graphs show the mean and standard deviation.

C.4 The horizon effect requires a minimum level of reward retrievability332

The improvement from short predictor rollouts is not universal. Figure 10 compares the CarRacing333

reward horizon sweep before and after reward finetuning. The non-finetuned model does not show a334

short-horizon improvement, while the reward-finetuned model does. This suggests that the predictor335

can only amplify reward information that is already present in the latent dynamics to some degree:336

when the base model encodes very little reward-relevant information, the predictor has nothing to337

expose.338
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Figure 10: CarRacing reward probing over predictor horizon for the non-finetuned LeWM (left)
and the reward-finetuned LeWM (right). Only the reward-finetuned model shows a short-horizon
improvement, suggesting a minimum level of reward retrievability is required before the predictor
can help. Graphs show the mean and standard deviation.

C.5 Long predictor horizons degrade probe performance339

Across environments, long predictor rollouts reduce probing quality. Figure 11 shows this for Hopper340

reward and CarRacing discounted return; the same trend is visible in the MountainCar and Pong341

sweeps in Figure 8. The decay rate varies by environment: some degrade quickly, others more342

gradually. Most curves plateau at a non-trivial value rather than collapsing to zero, likely because the343

probe can fall back on a mean-prediction or near-terminal-value heuristic that retains some predictive344

power without true state information.345
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Figure 11: Long-horizon decay of probing performance for Hopper reward (left) and CarRacing
discounted return (right). The decay rate varies across environments, but most curves plateau above
zero rather than collapsing. Graphs show the mean and standard deviation.

C.6 Action conditioning is required for action-dependent reward346

In environments where reward depends explicitly on the action, action information appears to be347

needed for stronger reward or return probing. Figure 12 compares LunarLander reward probing with348

and without action conditioning across all four encoders (LeWM, DINOv2, DreamerV3, and the349

raw-observation baseline) and across probe head types. Adding action information yields a clear350

improvement in every encoder/head combination, confirming the importance of action conditioning351

when the reward depends on the action. In LunarLander, engine firings directly contribute to the352

reward signal, so a probe that does not observe the action cannot reconstruct that component from353

latents alone.354
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Figure 12: LunarLander reward probing with and without action conditioning, per encoder and per
probe-head type. Top: LeWM (left), DINOv2 (right). Bottom: DreamerV3 (left), raw observation
(right). Action conditioning improves probing across every encoder and head, indicating that action
information is important whenever the reward depends on the action. Bars show the mean and
standard deviation.
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C.7 Additional MPC results355

Figure 13: Full MPC ablation across probe types. Bars show mean return over evaluation episodes;
error bars show seed standard deviation. Dashed line marks the random baseline.

C.8 Additional Finetuning results356

Figure 14: Validation losses during reward-aware finetuning, normalized by each run’s first-5-step
median (so losses are proportionate) and aggregated as median ± IQR over 31 runs. All three
losses decrease together, showing that the reward objective is compatible with the SIGReg and
JEPA-preservation objectives.
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Figure 15: Held-out test R2 for reward (left) and value (right) targets across all 8 envs: frozen linear
probe, frozen MLP probe, finetuned encoder + MLP head (3 seeds, mean ± std). Mountaincar has no
reward target.

D Dreamer-Like Actor-Critic Exploration357

We also test whether Dreamer-style actor-critic refinement on top of a frozen LeWM can recover358

competent control from imagined rollouts. The canonical recipe (single-frame latent, MSE critic,359

λ-returns with γ=0.99, λ=0.95, learned continue head) fails across all three environments and three360

encoder seeds, with imagined returns drifting far above real-environment returns. We diagnose three361

failure modes and propose AC-v2, which restores learning on MountainCar.362

Setup The frozen backbone provides an encoder ϕ : R224×224×3 → R192 and a latent predictor363

πLeWM : (zt, at) 7→ ẑt+1. We attach two frozen probes (reward r̂(z), continuation ĉ(z); Appendix A)364

and learn a stochastic actor πθ (categorical or tanh-Normal) and a value Vψ, both width-256 MLPs.365

Only θ, ψ are updated; the actor never queries the real environment.366

Algorithm Each update samples 128 start latents from a precomputed feature cache and rolls367

predictor+actor for Himag steps. λ-returns are368

Rλt = r̂t + γ ĉt
[
(1−λ)Vψ(ẑt+1) + λRλt+1

]
, RλHimag

= Vψ(ẑHimag),

with γ=0.99, λ=0.95. The actor maximizes Et[log πθ(at | zt)(Rλt − Vψ(zt))] with entropy bonus369

10−2; the critic regresses MSE onto sg(Rλt ). Adam, lr 3×10−4, Himag=15. This is the AC-v1370

baseline.371

AC-v1 sweep We swept {CartPole,MountainCar,Hopper}× seeds {7, 42, 314}× two probe vari-372

ants (h0: immediate-reward; rollout10: h=10 rolled-out latents). All 18 runs collapsed to environment373

floors (Table 3). Per-update logs reveal three consistent symptoms:374

• Model exploitation. The actor drives imagined trajectories off the encoder manifold, where375

the probes (trained only on encoded real frames) are unconstrained. Imagined-vs-real gaps376

are large across the board (Figure 16): Hopper 62–125 vs −0.4–4.8; CartPole 80–102 vs377

1–3; MountainCar rollout10 164–290 vs exactly −200. Rollout-trained probes amplify378

rather than mitigate the gap.379

• Continuation collapse. The continue head saturates at ≈ 0.99 throughout imagination, so380

episodes effectively never terminate and discounting degenerates into an undiscounted sum381

of probe outputs along a drifting trajectory.382
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• Entropy collapse. Actor entropy falls 2–3 orders of magnitude within a run (e.g. CartPole383

0.66 → 0.04 by 10k updates, Hopper 2.76 → 0.18 by 35k). The policy commits early to a384

deterministic exploit of the imagined-return gap.385

Figure 16: AC-v1 imagined-vs-real return gap. Left: Hopper with the h0 reward probe across three
encoder seeds; solid imagined returns reach 80–125 while dashed real-env evals stay ≤ 5. Right:
MountainCar with the rollout10 return probe (seed 42); imagined return (solid, right axis) climbs to
≈ +290 while real return (dashed, left axis) is pinned at −200. The gap is the model-exploitation
signature.

Table 3: Real-environment final eval return for the naive single-frame AC-v1 baseline. All 18 runs
collapse to environment floors, ≤ 5 for Hopper (random fall), ≤ 3 for CartPole, exactly −200 for
MountainCar, while imagined returns climb to 80–290. Higher is better.

CartPole MountainCar Hopper

Seed h0 rollout10 h0 rollout10 h0 rollout10

7 3.0 1.0 −200.0 −200.0 4.84 0.82
42 1.0 1.0 −200.0 −200.0 2.65 4.83
314 2.0 1.0 −200.0 −200.0 −0.40 0.02

Diagnosis Targeted MountainCar diagnostics localize the failure. (i) State observability: ground-386

truth velocity is barely recoverable from a single LeWM frame (R2=0.42) but well-decoded from387

two consecutive frames (R2=0.71), a single-frame actor is structurally blind on velocity-critical tasks.388

(ii) Terminal coverage: only ∼4% of start latents lie within 5 steps of a terminal, so the continue head389

almost never fires during dreams. (iii) Latent drift: open-loop predictor error reaches ∼31% relative390

L2 at h=15, well into the regime where the reward signal is unreliable.391

Robust Actor-Critic (AC-v2) We address each failure mode with additive changes; the backbone392

remains frozen.393

• Temporal context. Actor and critic consume a flattened history of the last H=3 latents,394

making velocity-like quantities linearly accessible.395

• Distributional pessimistic critic. A 5-member ensemble of distributional critics with 101396

symlog-spaced bins over [−15, 15], cross-entropy against two-hot symlog targets Hafner397

et al. [2025]; per-state value is the minimum over members.398

• Behavior-cloning anchor. The actor is BC-warm-started for 3000 updates, then refined399

under a KL-to-BC penalty (coefficient 1.0).400

• Prioritized terminal starts. Latents within w=8 steps of a terminal are weighted 20×401

during sampling, combined with percentile-based return normalization Hafner et al. [2025].402

Results Figure 17 shows eval return over 20k updates on MountainCar for the AC-v1 baseline, an403

ablation adding only temporal context + KL-to-BC, and full AC-v2. The baseline stays at the floor;404

both robust variants escape it from the first eval and converge near the behavior-cloning reference.405

Table 4 reports final eval returns. All AC-v2 runs use seed 42 with shared hyperparameters: H=3,406

3000 BC pretrain updates, KL coefficient 1.0, ensemble size 5, imagination horizon 5, terminal407

window 8 with weight 20, entropy scale 10−2.408
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Figure 17: MountainCar real-environment eval return over 20k AC updates (LeWM seed 7). The
single-frame baseline stays at the no-goal floor of −200; both the KL-only ablation and full AC-v2
escape the floor by the first eval and converge near the BC reference (≈ −126).

Table 4: Real-environment eval return after 20k AC updates on a frozen LeWM (seed 7) backbone.
BC reference is behavior cloning from temporal-context latents.

Method MountainCar CartPole Hopper

AC-v1 (single-frame, MSE critic) −200.0 1.0 2.65
BC reference (temporal context) −126.5 2.60± 1.96 27.95± 15.05
AC-v2 (this work) −119.1 4.54± 7.03 22.99± 7.04

On MountainCar, AC-v2 recovers from a fully broken baseline to a return statistically indistinguish-409

able from the data-collection policy, despite the latter having hand-coded access to ground-truth410

velocity. CartPole and Hopper show the same qualitative pattern, AC-v2 lifts the policy well above its411

v1 floor (CartPole 1.0 → 4.54, Hopper 2.65 → 22.99) and into the same range as the BC reference412

(CartPole 2.60, Hopper 27.95). On Hopper the KL anchor pulls AC-v2 down slightly relative to413

BC alone, consistent with the fact that imagined returns and real returns track closely throughout414

training (Section above): there is little residual signal left for AC refinement to extract on top of the415

BC warm-start, and the small remaining drift moves the policy slightly off the BC optimum. CartPole416

is the one environment where AC refinement clearly improves on BC, plausibly because its denser417

reward gradient is more informative for value learning than Hopper’s fall-floor or MountainCar’s418

sparse goal signal.419

Limitations AC-v2 matches but does not exceed the data policy on MountainCar, the reward is too420

flat for further improvement from the imagined return. The recipe also requires a working continuation421

head; without one, terminal-start prioritization has nothing to weight against. Generalization to422

settings where the data policy is itself weak remains untested.423

E Probe mistake visualisation424

This section describes how the probe-mistake plots are produced. The goal of the visualisation is425

to show where in the observation space a probe makes large errors, rather than only reporting an426

aggregate score.427

E.1 Encoder failure modes: LunarLander428

Different encoders fail in different regions of the state space. Figure 18 visualises probe-mistake429

density on LunarLander (return target, no action conditioning) for DINOv2, DreamerV3, and LeWM.430

LeWM shows pronounced errors in the top-left and top-right corner regions, a pattern not present to431

the same degree in either DINOv2 or DreamerV3. The maximum error intensity in the LeWM plot432
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is also substantially higher than in the other two, indicating that LeWM mistakes are not just more433

localised but also larger in magnitude.434
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Figure 18: Probe-mistake density on LunarLander for DINOv2 (left), DreamerV3 (middle), and
LeWM (right). LeWM shows a clear concentration of error in the upper corners and a higher peak
error magnitude than the other two encoders.

E.2 Encoder failure modes: Pong435

Figure 19 shows probe-mistake locations on Pong (reward target, no action conditioning). DINOv2436

shows no systematic top–bottom asymmetry. DreamerV3 errors are highly localised at the top of437

the playfield, along the border between the playfield and the white buffer strip above it. LeWM438

errors are spread more broadly across the upper portion of the frame rather than confined to a single439

spot. We hypothesise that the scoreboard at the top of the Pong frame interferes with the encoding440

for the smaller DreamerV3 and LeWM models, which have less capacity and must compress more441

aggressively; the difference in spatial spread between DreamerV3 (localised) and LeWM (diffuse)442

suggests the two encoders absorb that interference in qualitatively different ways. DINOv2, as a443

larger encoder, has the capacity to preserve scene structure separately from the scoreboard region and444

is less affected.445

pong    dinov2 (eseed=11)    state_aligned_reward    head=linear    pseed=42    no action
tracked: ball, left paddle, right paddle   per-run p95   cap p95 = 0.8739   N = 39514   over-range = 1976

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Ab
so

lu
te

 e
rro

r

pong    dreamerv3 (eseed=42)    state_aligned_reward    head=linear    pseed=42    no action
tracked: ball, left paddle, right paddle   per-run p95   cap p95 = 0.7722   N = 39514   over-range = 1976

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Ab
so

lu
te

 e
rro

r

pong    lewm (eseed=42)    state_aligned_reward    head=linear    pseed=42    no action
tracked: ball, left paddle, right paddle   per-run p95   cap p95 = 0.7448   N = 39514   over-range = 1976

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Ab
so

lu
te

 e
rro

r

Figure 19: Probe-mistake locations on Pong for DINOv2 (left), DreamerV3 (middle), and LeWM
(right). LeWM errors concentrate in the top third of the frame; DreamerV3 shows a weaker version
of the same pattern; DINOv2 shows no clear top–bottom asymmetry.

E.3 Per-sample error446

For each test sample i, we compute an absolute error ei between the probe prediction and the447

ground-truth target.448

• Regression and binary targets. ei = |ŷi − yi|, where ŷi is the probe output and yi is the449

ground-truth reward or discounted return.450

• Multiclass targets. ei = 1− pi(yi), the complement of the probability the probe assigns to451

the true class.452

All probes shown in these figures use the linear head (head = linear) trained at horizon h = 0.453
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E.4 Tracked object positions454

Each test sample is associated with one or more image-space positions of a salient object in the455

corresponding observation. The exact set of objects depends on the environment:456

• LunarLander. The lander position, computed analytically from the underlying state vector457

and rescaled to the 224× 224 image grid.458

• MountainCar. The car position, computed from the cart x-coordinate using the Gym render459

geometry (screen 600× 400, world width 1.8, with the cosine track profile).460

• CartPole. The pole tip, computed from the cart position and the pole angle, mapped through461

the Gym render geometry.462

• Pong. Three positions per frame, ball, left paddle, right paddle, extracted directly from463

the raw 210 × 160 Atari frames by colour thresholding inside the playfield region (rows464

34–194) and rescaled to the 224× 224 image grid.465

Samples for which a position cannot be recovered (e.g. the ball is missing from a Pong frame) are466

excluded from that object’s overlay but still contribute to other objects.467

E.5 Long-exposure background468

To give the overlay a meaningful visual context, we build a single background image per environment469

by averaging all test frames in [0, 1] pixel space. This produces a long-exposure-style composite470

showing where dynamic elements appear most often (e.g. the Pong playfield, the LunarLander pad)471

while keeping static elements sharp.472

E.6 Error normalisation473

Within a group of plots that should be visually comparable (e.g. the three encoders on the same envi-474

ronment and target), we cap the colour scale at a shared quantile of the per-sample errors. By default475

this cap is the 95th percentile, τ = P95({ei}), computed either per-run or as the maximum/minimum476

over the group of runs being compared. Each error is normalised as477

ẽi = min
(ei
τ
, 1

)
.

Samples with ei > τ are flagged as out-of-range and rendered in a distinct dark-red colour, so that478

very large errors remain visible without saturating the rest of the scale. The cap value used for each479

figure is reported in its automatically generated title.480

E.7 Rendering modes481

We use two complementary rendering modes.482

Dots. A small disc of radius r pixels is drawn at each tracked object position, coloured by ẽi483

through the reversed Red–Yellow–Green colormap (green = low error, red = high error, dark red =484

out-of-range). Discs are drawn in order of error magnitude so that high-error dots appear on top of485

low-error dots (or the inverse, depending on the variant). The resulting overlay is alpha-blended onto486

the long-exposure background.487

Density. Instead of discrete dots, each sample deposits two small Gaussian blobs centred at its488

object position(s), one weighted by 1− ẽi (correct) and one weighted by ẽi (wrong). Out-of-range489

samples deposit into a separate dark-red weight field. At every pixel the three weight fields are490

normalised to ratios, which determine the displayed colour. The overlay alpha saturates as soon as491

any single sample has been deposited, so a region visited once and a region visited a hundred times492

appear equally vivid, the colour encodes the ratio of correct to wrong samples, not the visit count.493

This is what produces the smooth colour gradients in the LunarLander figures.494
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E.8 Reading the plots495

• Bright green regions indicate that, whenever the tracked object is in that region, the probe496

predicts the target accurately.497

• Red and dark-red regions mark systematic spatial failure modes: states where the encoded498

(or predicted) latent does not retain enough information to recover the target.499

• Comparing the same plot across encoders, with a shared colour cap, highlights which parts500

of the state space each encoder finds difficult.501

This method is intentionally agnostic to the absolute scale of the error: by normalising to a within-502

group quantile and using a shared colour scale, the figures expose spatial structure in the errors rather503

than which encoder happens to have the largest mean error.504
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NeurIPS Paper Checklist505

1. Claims506

Question: Do the main claims made in the abstract and introduction accurately reflect the507

paper’s contributions and scope?508

Answer: [Yes]509

Justification: The abstract and introduction clearly state the paper’s scope and contributions.510

The paper investigates whether JEPA-based latent world model representations encode511

recoverable reward and value information useful for downstream control through prob-512

ing, finetuning, and reward-guided MPC evaluation. Claims are limited to the evaluated513

environments and experimental settings.514

Guidelines:515

• The answer [N/A] means that the abstract and introduction do not include the claims516

made in the paper.517

• The abstract and/or introduction should clearly state the claims made, including the518

contributions made in the paper and important assumptions and limitations. A [No] or519

[N/A] answer to this question will not be perceived well by the reviewers.520

• The claims made should match theoretical and experimental results, and reflect how521

much the results can be expected to generalize to other settings.522

• It is fine to include aspirational goals as motivation as long as it is clear that these goals523

are not attained by the paper.524

2. Limitations525

Question: Does the paper discuss the limitations of the work performed by the authors?526

Answer: [Yes]527

Justification: The paper discusses several limitations, including strong environment depen-528

dence, degradation at long rollout horizons, and the gap between reward recoverability and529

controllability. The paper also acknowledges that latent rollout inaccuracies remain a major530

bottleneck for downstream planning performance.531

Guidelines:532

• The answer [N/A] means that the paper has no limitation while the answer [No] means533

that the paper has limitations, but those are not discussed in the paper.534

• The authors are encouraged to create a separate “Limitations” section in their paper.535

• The paper should point out any strong assumptions and how robust the results are to536

violations of these assumptions (e.g., independence assumptions, noiseless settings,537

model well-specification, asymptotic approximations only holding locally). The authors538

should reflect on how these assumptions might be violated in practice and what the539

implications would be.540

• The authors should reflect on the scope of the claims made, e.g., if the approach was541

only tested on a few datasets or with a few runs. In general, empirical results often542

depend on implicit assumptions, which should be articulated.543

• The authors should reflect on the factors that influence the performance of the approach.544

For example, a facial recognition algorithm may perform poorly when image resolution545

is low or images are taken in low lighting. Or a speech-to-text system might not be546

used reliably to provide closed captions for online lectures because it fails to handle547

technical jargon.548

• The authors should discuss the computational efficiency of the proposed algorithms549

and how they scale with dataset size.550

• If applicable, the authors should discuss possible limitations of their approach to551

address problems of privacy and fairness.552

• While the authors might fear that complete honesty about limitations might be used by553

reviewers as grounds for rejection, a worse outcome might be that reviewers discover554

limitations that aren’t acknowledged in the paper. The authors should use their best555

judgment and recognize that individual actions in favor of transparency play an impor-556

tant role in developing norms that preserve the integrity of the community. Reviewers557

will be specifically instructed to not penalize honesty concerning limitations.558
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3. Theory assumptions and proofs559

Question: For each theoretical result, does the paper provide the full set of assumptions and560

a complete (and correct) proof?561

Answer: [N/A]562

Justification: The paper does not present theoretical results, proofs, or formal guarantees.563

Guidelines:564

• The answer [N/A] means that the paper does not include theoretical results.565

• All the theorems, formulas, and proofs in the paper should be numbered and cross-566

referenced.567

• All assumptions should be clearly stated or referenced in the statement of any theorems.568

• The proofs can either appear in the main paper or the supplemental material, but if569

they appear in the supplemental material, the authors are encouraged to provide a short570

proof sketch to provide intuition.571

• Inversely, any informal proof provided in the core of the paper should be complemented572

by formal proofs provided in appendix or supplemental material.573

• Theorems and Lemmas that the proof relies upon should be properly referenced.574

4. Experimental result reproducibility575

Question: Does the paper fully disclose all the information needed to reproduce the main ex-576

perimental results of the paper to the extent that it affects the main claims and/or conclusions577

of the paper (regardless of whether the code and data are provided or not)?578

Answer: [Yes]579

Justification: The paper provides detailed descriptions of environments, probing setups,580

horizons, window sweeps, probe architectures, training procedures, evaluation metrics, and581

data splits in the appendix.582

Guidelines:583

• The answer [N/A] means that the paper does not include experiments.584

• If the paper includes experiments, a [No] answer to this question will not be perceived585

well by the reviewers: Making the paper reproducible is important, regardless of586

whether the code and data are provided or not.587

• If the contribution is a dataset and/or model, the authors should describe the steps taken588

to make their results reproducible or verifiable.589

• Depending on the contribution, reproducibility can be accomplished in various ways.590

For example, if the contribution is a novel architecture, describing the architecture fully591

might suffice, or if the contribution is a specific model and empirical evaluation, it may592

be necessary to either make it possible for others to replicate the model with the same593

dataset, or provide access to the model. In general. releasing code and data is often594

one good way to accomplish this, but reproducibility can also be provided via detailed595

instructions for how to replicate the results, access to a hosted model (e.g., in the case596

of a large language model), releasing of a model checkpoint, or other means that are597

appropriate to the research performed.598

• While NeurIPS does not require releasing code, the conference does require all submis-599

sions to provide some reasonable avenue for reproducibility, which may depend on the600

nature of the contribution. For example601

(a) If the contribution is primarily a new algorithm, the paper should make it clear how602

to reproduce that algorithm.603

(b) If the contribution is primarily a new model architecture, the paper should describe604

the architecture clearly and fully.605

(c) If the contribution is a new model (e.g., a large language model), then there should606

either be a way to access this model for reproducing the results or a way to reproduce607

the model (e.g., with an open-source dataset or instructions for how to construct608

the dataset).609

(d) We recognize that reproducibility may be tricky in some cases, in which case610

authors are welcome to describe the particular way they provide for reproducibility.611
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In the case of closed-source models, it may be that access to the model is limited in612

some way (e.g., to registered users), but it should be possible for other researchers613

to have some path to reproducing or verifying the results.614

5. Open access to data and code615

Question: Does the paper provide open access to the data and code, with sufficient instruc-616

tions to faithfully reproduce the main experimental results, as described in supplemental617

material?618

Answer: [Yes]619

Justification: Code, configurations, and instructions for reproducing experiments will be620

released anonymously in the supplemental material.621

Guidelines:622

• The answer [N/A] means that paper does not include experiments requiring code.623

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/624

public/guides/CodeSubmissionPolicy) for more details.625

• While we encourage the release of code and data, we understand that this might not626

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not627

including code, unless this is central to the contribution (e.g., for a new open-source628

benchmark).629

• The instructions should contain the exact command and environment needed to run to630

reproduce the results. See the NeurIPS code and data submission guidelines (https:631

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.632

• The authors should provide instructions on data access and preparation, including how633

to access the raw data, preprocessed data, intermediate data, and generated data, etc.634

• The authors should provide scripts to reproduce all experimental results for the new635

proposed method and baselines. If only a subset of experiments are reproducible, they636

should state which ones are omitted from the script and why.637

• At submission time, to preserve anonymity, the authors should release anonymized638

versions (if applicable).639

• Providing as much information as possible in supplemental material (appended to the640

paper) is recommended, but including URLs to data and code is permitted.641

6. Experimental setting/details642

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-643

rameters, how they were chosen, type of optimizer) necessary to understand the results?644

Answer: [Yes]645

Justification: The paper specifies training details, evaluation metrics, probe architectures,646

optimization settings, horizons, temporal windows, seeds, and dataset splits necessary to647

reproduce the experiments.648

Guidelines:649

• The answer [N/A] means that the paper does not include experiments.650

• The experimental setting should be presented in the core of the paper to a level of detail651

that is necessary to appreciate the results and make sense of them.652

• The full details can be provided either with the code, in appendix, or as supplemental653

material.654

7. Experiment statistical significance655

Question: Does the paper report error bars suitably and correctly defined or other appropriate656

information about the statistical significance of the experiments?657

Answer: [Yes]658

Justification: Figures report mean and standard deviation across probe seeds and encoder659

seeds. The appendix explicitly states the seeds used and describes the reported statistics.660

Guidelines:661

• The answer [N/A] means that the paper does not include experiments.662
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• The authors should answer [Yes] if the results are accompanied by error bars, confidence663

intervals, or statistical significance tests, at least for the experiments that support the664

main claims of the paper.665

• The factors of variability that the error bars are capturing should be clearly stated (for666

example, train/test split, initialization, random drawing of some parameter, or overall667

run with given experimental conditions).668

• The method for calculating the error bars should be explained (closed form formula,669

call to a library function, bootstrap, etc.)670

• The assumptions made should be given (e.g., Normally distributed errors).671

• It should be clear whether the error bar is the standard deviation or the standard error672

of the mean.673

• It is OK to report 1-sigma error bars, but one should state it. The authors should674

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis675

of Normality of errors is not verified.676

• For asymmetric distributions, the authors should be careful not to show in tables or677

figures symmetric error bars that would yield results that are out of range (e.g., negative678

error rates).679

• If error bars are reported in tables or plots, the authors should explain in the text how680

they were calculated and reference the corresponding figures or tables in the text.681

8. Experiments compute resources682

Question: For each experiment, does the paper provide sufficient information on the com-683

puter resources (type of compute workers, memory, time of execution) needed to reproduce684

the experiments?685

Answer: [Yes]686

Justification: The appendix specifies the hardware used for experiments, including GPU687

types, approximate runtime requirements, and the relative computational cost of probing,688

finetuning, and MPC evaluation experiments. Compute requirements for large hyperparame-689

ter sweeps and finetuning runs are also discussed.690

Guidelines:691

• The answer [N/A] means that the paper does not include experiments.692

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,693

or cloud provider, including relevant memory and storage.694

• The paper should provide the amount of compute required for each of the individual695

experimental runs as well as estimate the total compute.696

• The paper should disclose whether the full research project required more compute697

than the experiments reported in the paper (e.g., preliminary or failed experiments that698

didn’t make it into the paper).699

9. Code of ethics700

Question: Does the research conducted in the paper conform, in every respect, with the701

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?702

Answer: [Yes]703

Justification: The research complies with the NeurIPS Code of Ethics. Experiments are704

conducted on standard reinforcement learning benchmarks and do not involve human705

subjects or sensitive data.706

Guidelines:707

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of708

Ethics.709

• If the authors answer [No], they should explain the special circumstances that require a710

deviation from the Code of Ethics.711

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-712

eration due to laws or regulations in their jurisdiction).713

10. Broader impacts714
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Question: Does the paper discuss both potential positive societal impacts and negative715

societal impacts of the work performed?716

Answer: [No]717

Justification: This work is primarily foundational research on latent world models and718

downstream control. The paper does not explicitly discuss broader societal impacts.719

Guidelines:720

• The answer [N/A] means that there is no societal impact of the work performed.721

• If the authors answer [N/A] or [No], they should explain why their work has no societal722

impact or why the paper does not address societal impact.723

• Examples of negative societal impacts include potential malicious or unintended uses724

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations725

(e.g., deployment of technologies that could make decisions that unfairly impact specific726

groups), privacy considerations, and security considerations.727

• The conference expects that many papers will be foundational research and not tied728

to particular applications, let alone deployments. However, if there is a direct path to729

any negative applications, the authors should point it out. For example, it is legitimate730

to point out that an improvement in the quality of generative models could be used to731

generate Deepfakes for disinformation. On the other hand, it is not needed to point out732

that a generic algorithm for optimizing neural networks could enable people to train733

models that generate Deepfakes faster.734

• The authors should consider possible harms that could arise when the technology is735

being used as intended and functioning correctly, harms that could arise when the736

technology is being used as intended but gives incorrect results, and harms following737

from (intentional or unintentional) misuse of the technology.738

• If there are negative societal impacts, the authors could also discuss possible mitigation739

strategies (e.g., gated release of models, providing defenses in addition to attacks,740

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from741

feedback over time, improving the efficiency and accessibility of ML).742

11. Safeguards743

Question: Does the paper describe safeguards that have been put in place for responsible744

release of data or models that have a high risk for misuse (e.g., pre-trained language models,745

image generators, or scraped datasets)?746

Answer: [N/A]747

Justification: The paper does not release high-risk generative models, scraped datasets, or748

systems with significant misuse potential.749

Guidelines:750

• The answer [N/A] means that the paper poses no such risks.751

• Released models that have a high risk for misuse or dual-use should be released with752

necessary safeguards to allow for controlled use of the model, for example by requiring753

that users adhere to usage guidelines or restrictions to access the model or implementing754

safety filters.755

• Datasets that have been scraped from the Internet could pose safety risks. The authors756

should describe how they avoided releasing unsafe images.757

• We recognize that providing effective safeguards is challenging, and many papers do758

not require this, but we encourage authors to take this into account and make a best759

faith effort.760

12. Licenses for existing assets761

Question: Are the creators or original owners of assets (e.g., code, data, models), used in762

the paper, properly credited and are the license and terms of use explicitly mentioned and763

properly respected?764

Answer: [Yes]765

Justification: The paper cites all external models, environments, and prior methods used,766

including Gymnasium, DINOv2, DreamerV3, and LeWM.767
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Guidelines:768

• The answer [N/A] means that the paper does not use existing assets.769

• The authors should cite the original paper that produced the code package or dataset.770

• The authors should state which version of the asset is used and, if possible, include a771

URL.772

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.773

• For scraped data from a particular source (e.g., website), the copyright and terms of774

service of that source should be provided.775

• If assets are released, the license, copyright information, and terms of use in the776

package should be provided. For popular datasets, paperswithcode.com/datasets777

has curated licenses for some datasets. Their licensing guide can help determine the778

license of a dataset.779

• For existing datasets that are re-packaged, both the original license and the license of780

the derived asset (if it has changed) should be provided.781

• If this information is not available online, the authors are encouraged to reach out to782

the asset’s creators.783

13. New assets784

Question: Are new assets introduced in the paper well documented and is the documentation785

provided alongside the assets?786

Answer: [Yes]787

Justification: Released code and experiment configurations will be documented with instruc-788

tions for reproducing the experiments.789

Guidelines:790

• The answer [N/A] means that the paper does not release new assets.791

• Researchers should communicate the details of the dataset/code/model as part of their792

submissions via structured templates. This includes details about training, license,793

limitations, etc.794

• The paper should discuss whether and how consent was obtained from people whose795

asset is used.796

• At submission time, remember to anonymize your assets (if applicable). You can either797

create an anonymized URL or include an anonymized zip file.798

14. Crowdsourcing and research with human subjects799

Question: For crowdsourcing experiments and research with human subjects, does the paper800

include the full text of instructions given to participants and screenshots, if applicable, as801

well as details about compensation (if any)?802

Answer: [N/A]803

Justification: The paper does not involve crowdsourcing or human subjects.804

Guidelines:805

• The answer [N/A] means that the paper does not involve crowdsourcing nor research806

with human subjects.807

• Including this information in the supplemental material is fine, but if the main contribu-808

tion of the paper involves human subjects, then as much detail as possible should be809

included in the main paper.810

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,811

or other labor should be paid at least the minimum wage in the country of the data812

collector.813

15. Institutional review board (IRB) approvals or equivalent for research with human814

subjects815

Question: Does the paper describe potential risks incurred by study participants, whether816

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)817

approvals (or an equivalent approval/review based on the requirements of your country or818

institution) were obtained?819
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Answer: [N/A]820

Justification: The paper does not involve human subjects research.821

Guidelines:822

• The answer [N/A] means that the paper does not involve crowdsourcing nor research823

with human subjects.824

• Depending on the country in which research is conducted, IRB approval (or equivalent)825

may be required for any human subjects research. If you obtained IRB approval, you826

should clearly state this in the paper.827

• We recognize that the procedures for this may vary significantly between institutions828

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the829

guidelines for their institution.830

• For initial submissions, do not include any information that would break anonymity (if831

applicable), such as the institution conducting the review.832

16. Declaration of LLM usage833

Question: Does the paper describe the usage of LLMs if it is an important, original, or834

non-standard component of the core methods in this research? Note that if the LLM is used835

only for writing, editing, or formatting purposes and does not impact the core methodology,836

scientific rigor, or originality of the research, declaration is not required.837

Answer: [N/A]838

Justification: LLMs are not part of the proposed methods or experiments.839

Guidelines:840

• The answer [N/A] means that the core method development in this research does not841

involve LLMs as any important, original, or non-standard components.842

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not843

be described.844
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