models to recover actions [49, 22], or by combining videsequences and evaluate them using the world model (1), ex-
prediction with behavior cloning [59, 34, 4]. While effectivetracting the predicted future reward sequengg-i*_1 and ter-

for reproducing demonstrated behaviors, these methods ave@al value ¢.7, which are combined to compute the trajec-
typically trained on narrow, expert-like action distributionsory return R(@.j+7-1) = 7T®7 + Zi“;tT’l st MPPI

and remain constrained by the real world data. In contraiten computes the control action to execute by importance-
SimDist does not predict pixels and learns a task-orientedweighting sampled trajectories according to their predicted
latent world model with reward and value heads over a broagturns. Similar to TD-MPC [15], we warm-start sampling by
distribution of low-level robot actions generated in simulatiorseeding a subset of candidate action sequences with noise-

enabling planning to improve beyond the real-world data. corrupted outputs of &.r_1 from the base policy .

lll. PRELIMINARIES IV. SIMULATION DISTILLATION FOR EFFICIENT
Problem Setting. We consider the problem of controlling REAL-WORLD ADAPTATION
a robotic system operating in the real world under partial ob-\we now introduce Simulation Distillation, a

servability and unmodeled dynamics. Speci cally, we assuMgamework for distilling physical priors and task structure
the dynamics are of the form.s;  p(jsi;a;) where $ 2S  jnig a world model in a form that enables rapid real-world

is the underlying state of the system and2aA is the robot agaptation with online planning and dynamics adaptation.
action. The underlying state is not directly observable in the

real world as the robot only has access to raw observatiofys Pretraining on Simulated Data

0, 2 O. We model the control problem as a partially ob- simpDist builds on sim-to-real data-generation pipelines
servable Markov decision process (POMDP) de ned by th@at use privileged, state-based expert policies to collect large-
tuple (S;A;O;p;r; ), with user-specied reward function scale datasets paired with raw perception [53]. While prior
r(s¢;a;si+1) and discount factor 2 (0;1], and seek towork primarily uses this data for imitation, planning-based
maximize the discounted return B2, ‘r(S¢; @ Si+1)]- In - adaptation places stronger demands on the learned model. A
general, dense informative reward functions are dif cult t®janner will actively search for high-value action sequences
evaluate directly in the real world, given the dif culty inand exploit model errors wherever coverage is weak, so the
measuring the underlying state of the system. To render thigdel must remain reliable far beyond the expert and real-
problem more tractable, we make the following assumptionyorid data distributions. Dynamics predictions must generalize

Assumption 1. We assume access to an approximate physid&2m few real-world samples, while reward and value models
based simulator g1 Psin( j S¢; &) that provides privileged Must distinguish good and bad outcomes under off-policy
access to the underlying state. s actions. To provide this coverage, we deliberately inject sub-

optimal actions during simulation rollouts, providing coverage
Planning-Oriented Latent World Models. We build on  oyer mistakes, recoveries, and failed attempts.

common planning-oriented latent world models from works Expert Policy Training. We rst train a state-based expert
such as [15, 14]. These approaches learn reward and vald@icy <(s,) with reinforcement learning using existing sim-
models that operate directly on raw observations, enablifgreal pipelines [53, 29]. We also save the optimal state-
planning in the real world using the algorithms outlined belowgseqd value function ¥s,) and intermediate policy check-
The primary novelty of SimDist lies in our systematic ,gints f kgle learned during training to be used for value
framework for sim-to-real pre-training and adaptation. Weypervision and diverse, sub-optimal data generation.
structure our world model according to (1), depicted in Fig. 3: Generating Diverse Trajectories and Dense Supervision.

Latent representation: ,z E 4(0,) We generate diverse simulation rollouts (Fig. 2) by alternating
History representation: /= C ¢(0—pt—1; &—H¢—1) between an expert policy® and a set of sub-optimal poli-
Latent dynamics: Broaar =T o(ze; Qppar—1; D) cies f *gl,, and by periodically injecting random action
Reward Prediction: Bar—1 =R @it Apprr—1) perturbations over short temporal windows. This generates
Value Prediction: Yerier = Vo@rar) diverse failure and recovery behaviors beyond the nominal
Base Policy: v = o(zehy): expert manifold, broadening coverage over dynamically fea-

(1) sible state-action trajectories and enabling the world model

Here Ey encodes a latent representatigrozthe state sfrom to reliably predict counterfactual outcomes. This results in
raw observation g h; is an encoding of history over a windowa dataset B, = F(0;a;;r¢; V)9, Where rewards ;s are
of H timesteps; 2.1.;+7 is a predicted sequence of T futurecomputed from privileged simulator state and value targets v
latent states generated by the learned mogdebhd 1}.,..7_1 are provided by the expert value functiorf(g,). Crucially,
and ¢.1..+7 are reward and value estimates. We discuss k#yis data-generation process is massively parallelizable and
architecture decisions in Section IV-C. exploits the full training artifact of the simulator—including

Sampling-Based Planning. We control the robot in the real expert policies, intermediate checkpoints, and value func-
world with Model Predictive Path Integral (MPPI) [47] controltions—to produce rich supervision at scale. In addition, we
a sampling-based Model Predictive Control (MPC) method. A&andomize perceptual observations extensively to ensure robust
each control step, we sample a batch of candidate future actitansfer of the encoder. See Appendix A for details.



Algorithm 1 SimDist tation without the added computational cost of reconstructing

1: // Pretraining pixels. Second, sim-to-real transfer requires extensive visual

2: Perform RL, saving expert policy®, policy checkpoints randomization. Pixel reconstruction would therefore pressure
f *gX_ , and learned value function®V the latent state to encode randomized texture, lighting, and

3: Generate datasetsiy in simulation per Section IV-A rendering artifacts that are deliberately varied and irrelevant

4: while not converged do to the task, which can hurt transfer [58].

5. Draw segments f(or;;vi;a)9'=” ., Dsin

6 Update , minimizing IZ*() at each time step B. Real World Transfer and Ef cient Dynamics Adaptation

7. /I lterative Finetuning

8: Initialize Dreqy With of ine real-world data if available Our key insight is that global task structure is largely

9: for J iterations do invariant to low-level sim-to-real dynamics gaps. For example,

10: Collect real-world rollouts f(ga;)g, with MPPI in Peg Insertion (Fig. 1), a meaningful latent state captures

and world model (1), then add to,R, the locations of the peg and hole, while the value function

11 while not converged do encodes distance to the goal and motions leading to successful

12: Draw segments (0a;)g!~” ,;  Dreal insertion. This structure persists across the sim-to-real gap,

13: Freeze G;Eq;Rg; Vy; ¢ even though the low-level actions required to realize these

14: Update §, minimizing Lfa!() behaviors differ between domains. Exploiting this decom-

position, SimDist netunes only the environment-speci c
dynamics model while freezing the encoder, reward, and value

World Model Pretraining. We pretrain the world model (1) functions. Planning with frozen reward and value models en-
on Dsim by applying the following loss to predictions made a@bles immediate improvement as dynamics predictions become

each time step t: more accurate, without requiring reward or value bootstrapping
T in the real world. Because the world model can be trained on
simgy — 2 arbitrary trajectories, SimDist naturally supports off-policy
Lm0 = ; ( K2irivs  SO(E0(0rriva)K; learning and can incorporate prior data such as demonstrations.
' latent dynamics Importantly, the adaptation remains relatively short horizon
+C1 (Prai  Ti+i)?+C2 (Praiv1 Vewiv1)®  and local, since no long-horizon bootstrapping is needed.
reward value Dynamics Adaptation Loss. When updating the dynamics

2 model we apply the following loss at each time t:
+C3le(ar+i)Kbpri  Aik; |
behavior cloning Lieal() = S0y KBrwiv1  SY(Eg(Orrie1))Ks:
, @) with Cy; Eg; Ry; Va; ¢ frozen, fy netunable:
where sg is the stop-grad operator, constants .3 are
determined by normalizing over the range for each targgfecause the encoder is frozen, it provides consistent latent
and 1(a;) = 1 if a; came from the uncorrupted experigrgets F(0,4:+1) throughout netuning, avoiding the need
policy and 1(a;) = O otherwise. We apply various datats pootstrap a representation as in (2). This also anchors the
augmentations discussed in Appendices B and C to prevegghpted dynamics to the same latent representation used by
over tting to simulated observations an ensure that the modek frozen reward and value models, rather than drifting away
learns robust, transferable representations. In contrast to tymn the representation Rand \; were trained to evaluate.
ical online MBRL approaches [15, 14] which aré COMPU- yyoraive Tmprovement. The overall pipeline for SimDist

tationally intensive and attempt to bootstrap behavior froE“Q shown in Fig. 2 and in pseudo-code in Algorithm 1

scratch, we of oad behavior generation to a privileged expe;pigt 4 tonomously improves in the real-world by repeat-

This reduces pretraining to optimizing a simple, stationagyy coliecting M on-policy rollouts under the planner, adding
objective, without requiring temporal-difference learning. this data to the real-world data set.&, then netuning

Robust Representations Without Reconstruction. Pre- f, to minimize prediction losses as in (3). Notably, because

dicting reward.s and values from z forces thelencoder to capt {fstem identi cation can effectively learn from any real-world
the task-speci c features required for effective planning [15 r?jectories, SimDist is a simple off-policy reinforcement

In contrast, many w_orld-model_ approaches use pl)(el'le\’I‘?.=arning strategy which can easily incorporate diverse data
reconstruction objectives, arguing that they produce mMOLE .-~ sich as demonstrations or play data intg;D
robust and generalizable latent representations [3, 14]. We

nd reconstruction unnecessary, and in some cases, harmRémark 1. In contrast to standard MBRL frameworks [14,
for two reasons. First, our diverse data-generation proceddrf®, which must jointly bootstrap latent representations, value
exposes the model to an extremely broad range of statenctions, and policies from scarce in-domain data, SimDist
action pairs, spanning initial conditions, object con gurationgf oads these challenging objectives to simulation, where
contact modes, expert behaviors, failures, and recoveridsierse data is cheap and plentiful. As a result, we can reduce
This diversity forces the model to learn a robust represereal world adaptation to supervised netuning of the dynamics.
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Fig. 7: Scatter-Plot showing successful and failed attempts at solving the
Peg Wide task for Diffusion Policy (Right) and the nal trained policy
for SimDist(Left). The broad coverage of pretraining data for SimDist
enables ef ciently learning policies which are far more robust than baselines.

Y Goal ® Successes x  Failures

to explicitly reconstruct pixels, the the broad diverse pre-

training of SimDist forces the encoder to learn a robust

representation which is able to capture the underlying state of

the real-world scene, enabling the reconstructions portrayed.

We next evaluate dynamics prediction accuracy on the

Fig. 5: value predictions from SimDist along successful and failed real- Quadruped Slippery Slope task in Fig. 8a. We roll a held-out
world Peg trajectories starting from the same initial condition. The predict?%a|_wor|d trajectory through the world model and compute the
values track task progress and clearly distinguish successful from failure. . . L

latent dynamics loss (3) at each timestep, yielding an average

loss of 0:076 for the pretrained model and 0:019 after netun-

P | srio (Wid ) Thbl L (wid) . . . . . .
~ 250 ~ ing. To visualize the impact of this improvement, we decode
S 22 s predicted latent states into predicted front-left foot positions
g0 g °° in Fig. 8c. Before netuning, the model incorrectly predicts
- - 08 stable contact on the PTFE surface and fails to anticipate slip;
« « 7 after netuning, it accurately predicts future slippage, closely
g 506 matching the real trajectory (Fig. 8b). This illustrates how

o 20 o0 6 8 00 o 20 0 60 8 00 broad simulation pretraining enables the dynamics model to
D ( pisod s) D ( pisod s) . . . . .
P generalize to real-world trajectories outside the training set.

Fid. 6: Throuahout of manioulat icies throuh i s Finally, improved dynamics predictions directly reshape
e e cughest a0 SOt planing behavior. AS shown in Fig. 8d, trajectory samples
generated with the netuned model re ect the altered contact
dynamics and lead the planner to select plans that account for
real-world slip. In contrast, plans derived from the pretrained
D. Analyzing Real-World Predictions and Effects on PIannin?;‘Odel are qualitatively inconsistent with the true dynamics.
] o ] ogether, these results show that netuning corrects latent
_The planner can only improve behavior if it can reliablyyynamics errors in a way that meaningfully changes the
distinguish trajectorles_wnh h|gh a_nd low returns. This requirgianner's trajectory distribution, explaining the rapid real-
both accurate dynamics predictions an_d successful tran%”d performance gains observed in Fig. 4.
of reward and value models. We examine value transfer in
Fig. 5, which plots predicted values over time for successfl.:ll
and failed trajectories. For the successful rollout, predicted
value increases consistently over time, while the value dropsUnfreezing World Model Components. We rst ablate
sharply when the robot drops the peg during the failed rollouinfreezing world-model components during real-world adap-
Thus the transferred encodep Bnd value function Yreliably tation, with results in Fig. 10. Unfreezing the encoder causes
discriminate between successful and failed trajectories.  complete performance loss, as frozen reward and value heads
Next in Fig. 9 we compare ground truth camera observatioreceive latents outside their training distribution. Unfreezing
for the peg task compared to images reconstructed from the value function, following [11], reintroduces long-horizon
corresponding latent encoding 2 E 4(0;) generated by the credit assignment from limited real-world data and causes
frozen encoder. The images are generated by an auxilimatastrophic forgetting. We omit reward-model unfreezing,
probe trained on all available real world data, and we rsince accurate dense reward labels are generally unavailable
iterate that the world model itself is not trained with thén the real world, underscoring a key advantage of SimDist:
reconstruction loss. Even though the encoder is not trainemlvard transfer without real-world labels.

performance.

Ablating Key Design Decisions



