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ABSTRACT

Action-conditioned world models are essential for policy evaluation, optimization,
and planning, yet achieving control-relevant accuracy remains challenging. Unlike
policy learning focused primarily on optimal actions, world models must be reliable
under a broader range of suboptimal actions, posing a critical robustness challenge.
To address this, we propose Asymmetric Self-Improving Model (ASIM), a frame-
work for learning world models via forward–inverse consistency. Our key insight is
that predicting high-dimensional action-conditioned state transitions is often harder
than verifying (i) the plausibility of the predicted states and (ii) the reachability
under the corresponding actions. Motivated by this asymmetry, we pair a forward
world model with a subgoal generator obtained from large-scale video corpora and
an inverse model that infers actions from only a subset of relevant states. By en-
forcing cycle consistency among proposed subgoals, inferred actions, and forward
rollouts, ASIM provides a verification mechanism for self-improvement in under-
explored regimes. Across nine tasks in MiniGrid, RoboMimic, and ManiSkill, our
method reduces the data budget by more than half while improving downstream
policy performance by over 18%.

1 INTRODUCTION

World models, i.e., action-conditioned forward dynamic models that predict future states under given
actions (or action chunks), have come to play an increasingly important role in robot learning (Ha &
Schmidhuber, 2018; Wu et al., 2022; Assran et al., 2025; Team et al., 2025; Zheng et al., 2025; Huang
et al., 2026). When accurate, they enable model-based policy evaluation (Quevedo et al., 2025; Team
et al., 2026; Zhu et al., 2025; Li et al., 2025b), policy optimization (Hafner et al., 2019b; Yang et al.,
2023; 2024; Guo et al., 2025), and test-time planning (Hafner et al., 2019a; 2023; Jain et al., 2025;
Zhou et al., 2025; Qi et al., 2025). One prominent recipe for learning world models is to pre-train
a large video generative model on action-free internet videos and then post-train on action-labeled
robot interaction data. In this way, pre-training imparts broad priors over physical dynamics and
scene evolution, while post-training grounds these priors in controllable transitions (Chi et al., 2025b;
Rigter et al., 2025; Wu et al., 2024; Huang et al., 2025; Gao et al., 2025).
Unlike policy learning where performance is largely governed by coverage of optimal actions in a
specific task, a world model needs to be reliable across a wider distribution of actions that policies
may query, e.g. suboptimal actions from intermediate policies during learning and planning (LeCun,
2022; Zhang et al., 2024; Jain et al., 2025). Consequently, the amount of action-labeled data required
to post-train world models to the level needed for downstream robotic control remains extensive.
Previous work has sought to address this data challenge via on-policy data collection or intrinsic
motivation to acquire novel experience (Pathak et al., 2017; Kim et al., 2020; Burda et al., 2018;
Houthooft et al., 2017; Sekar et al., 2020; Shyam et al., 2019; Du et al., 2021). Yet, it remains unclear
how to precisely identify which data are most critical for building robust world models (Rigter et al.,
2024; Li et al., 2025a; Chen et al., 2025a;b).
In this paper, we propose Asymmetric Self-Improving Model (ASIM), a framework for learning world
models via forward–inverse cycles. The key idea is to explicitly verify the potential error of a world
model rollout before committing to expensive action-labeled data collection. Specifically, decompose
this verification into two complementary criteria: (i) state fidelity, i.e., whether predicted states are
visually and physically plausible; (ii) action reachability, i.e., whether the predicted transitions are
achievable under the given actions. To operationalize these criteria, we couple a forward world
model with a subgoal generator and an inverse dynamics model, forming a closed loop over proposed
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Figure 1: We introduced self-improving world
models via an asymmetric cycle: a diverse video
prior proposes plausible futures, a sparse in-
verse model infers reachable actions, and cycle-
consistency yields robust error estimates for self-
improvement.

Figure 2: Illustration of forward-inverse asymme-
try. Action-free videos provide broad coverage
of plausible future states to verify state fidelity
(top), while sparse inverse dynamics operates on
a low-dimensional state subset to verify action
reachability (bottom).

subgoals, inferred actions, and forward rollouts. Cycle consistency within this loop provides a proxy
for model error, providing a verification mechanism for identifying erroneous transitions (Figure 1).
The effectiveness of ASIM lies in its ability to provide reliable error estimates in under-explored
regimes where action-labeled data is limited. We achieve this by exploiting two asymmetries: (i)
distribution asymmetry: we train the subgoal generator on action-free video corpora, which are far
more abundant than action-labeled interactions available to the world model; (ii) dimensionality
asymmetry: we impose a sparsity constraint on the inverse dynamics model, restricting it to condition
only on action-relevant state variables, typically a much smaller subset than the full state that the
world model must predict.
By leveraging these asymmetries, ASIM prioritizes the most informative experiences for continual
self-improvement. Empirically, we evaluate our method on 9 tasks spanning MiniGrid (Chevalier-
Boisvert et al., 2023), RoboSuite (Zhu et al., 2020), and ManiSkill (Mu et al., 2021). Compared with
existing methods, ASIM not only doubles sample efficiency but also increases downstream policy
performance by over 18%. Overall, these results suggest that exploiting asymmetric forward–inverse
structure provides a promising route toward self-improving world models.

2 METHOD: SELF-IMPROVING WORLD MODELS

World models excel when grounded in dense interaction data, yet their reliability often collapses
in the long-tail regimes most critical for downstream control. In this section, we present ASIM,
a framework for self-improving world models that minimizes the need for costly human-labeled
interactions.
The core of our approach lies in exploiting two fundamental asymmetries–distributional and
dimensional–to verify world model rollouts through a closed-loop forward–inverse cycle. We
first formalize the problem setting with a small labeled seed and abundant action-free trajectories
(§2.1). We then introduce a verification scheme that decomposes into two complementary criteria:
state fidelity and action reachability (§2.2). Finally, we couple these verifiers into a closed-loop
self-improvement procedure (§2.3).

2.1 PROBLEM SETTING

Notation and conventions. Let zt ∈ Z denote the (unobserved) latent state and at ∈ A the action
applied at time t. Observations xt ∈ X are generated by an observation map f : Z → X :

zt+1 = g(zt,at), xt = f(zt). (1)
In the main text, hats denote model estimates/predictions and tildes denote action-free samples
from the subgoal generator. Since zt is not directly observed, we operate on an estimated latent
representation ẑt := enc(xt) (e.g., the world-model encoder).
We consider the problem of learning an action-conditioned world model by leveraging a small amount
of supervised interaction data alongside a vast corpus of unlabeled observations. Our goal is to learn
a forward dynamics model fθ : (Z,A) → Z that predicts the next latent state under a given action,

ẑt+1 = fθ(ẑ
t,at). (2)
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We assume the learner has access to two distinct datasets: a limited action-labeled dataset Dact =
{(xt,at,xt+1)}t, which provides the grounding needed to relate observed transitions to actions, and
significantly larger collection of action-free sequences Dvid = {(xt:t+K)}t drawn from large-scale
internet videos or unlabeled robotic logs.
The central challenge is that Dvid contains rich state evolution but no actions, thus it cannot directly
supervise an action-conditioned world model. Our goal is to selectively query action labels for a
small subset of transitions in Dvid that are most informative for improving fθ.

2.2 TWO COMPLEMENTARY ELEMENTS OF VERIFICATION

To effectively leverage unlabeled data, we must identify where the world model fθ is likely to
fail without knowing the ground-truth action. Directly estimating model error is often difficult in
under-explored regimes, where rollouts can drift off-manifold and uncertainty is poorly calibrated.
We instead decompose this verification into two complementary criteria: (i) state fidelity: whether
the future is plausible under environment dynamics, and (ii) action reachability: whether successive
states in the future are consistent with the given action, as illustrated in Figure 2.

State fidelity via distributional asymmetry. A common failure mode in under-explored regimes is
leaving the data manifold: rollouts become visually unrealistic or physically implausible irrespective
of the commanded action. To detect such failures without additional action labels, we train a subgoal
generator (i.e., action-free video prior) on Dvid and use it as a prior over plausible future observations.
Concretely, given xt, the prior samples a future (or subgoal chain) x̃t+1:t+K ∼ pϕ(· | xt). When
using the prior for verification, we work in the same latent space as the forward/inverse models by
encoding the samples as z̃t+i := enc(x̃t+i). We treat these samples as on-manifold references and
use agreement with them as a fidelity check: candidate predictions that deviate substantially from
the subgoal generator are likely off-manifold and are down-weighted or rejected. This component
leverages distributional asymmetry: action-free data are often orders of magnitude more abundant
than action-labeled interactions, providing broad coverage of plausible state evolution.

Action reachability via dimensionality asymmetry. Plausibility alone does not imply controllabil-
ity: for planning and policy learning, predicted transitions must be reachable under a specified action.
Directly verifying reachability in observation space is challenging, but in many robotic domains, the
action is identifiable from a small, causally relevant subset of the transition (e.g., end-effector motion
or the manipulated object’s motion). This yields a dimensionality asymmetry: inferring the action
that explains a transition can be easier than predicting the full next observation.
We capture this by learning a sparse inverse dynamics model hψ : Z ×Z → A on Dact. Specifically,
we impose an explicit sparsity constraint on hψ so that it conditions only on action-relevant factors.
This is achieved either via restricted inputs when domain structure is available (e.g., conditioning
only on segmented instances in images) or via a learned sparse mask M over latent coordinates:

ât = hψ
(
M ⊙ ẑt, M ⊙ ẑt+1

)
. (3)

This sparse inverse model serves as a reachability check: given a candidate transition, it predicts
the implied action, and we accept the transition only when the implied action is consistent with the
intended control input.

2.3 SELF-IMPROVEMENT CYCLE

Given the two verification criteria above, we next seek to connect them into a self-improvement
loop for error estimation. A natural design is a forward-first cycle: sample actions, roll out fθ, then
apply hψ to recover actions from generated state pairs. However, this design can be highly brittle
in practice. Early errors in fθ produce off-manifold rollouts; the inverse model is then queried on
transitions that are visually implausible or physically inconsistent, leading to noisy pseudo-labels.
We instead use a reverse cycle that anchors verification on the action-free state manifold. Starting
from the current observation xt, we first sample a plausible subgoal chain from the subgoal generator,

x̃t+1:t+K ∼ pϕ(· | xt), (4)

and set x̃t = xt. We map this chain to latent space via z̃t+i := enc(x̃t+i). We then infer actions
between successive subgoals using the sparse inverse model,

ât+i = hψ(z̃
t+i, z̃t+i+1), i = 0, . . . ,K − 1. (5)
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Algorithm 1: Self-improving World Models
Input: current state xt; horizon K; # candidates N
Output: selected action ât to execute

1 for k ← 1 to N do
2 Sample x̃t+1:t+K

k ∼ pϕ(· | xt);
3 Set x̃tk ← xt;
4 for i← 0 to K do
5 z̃t+ik ← enc(x̃t+ik );
6 for i← 0 to K − 1 do
7 ât+ik ← hψ(z̃

t+i
k , z̃t+i+1

k );
8 Set ẑtk ← enc(xt);
9 for i← 0 to K − 1 do

10 ẑt+i+1
k ← fθ(ẑ

t+i
k , ât+ik );

11 L(k)
cyc ←

∑K
i=1 ℓ(ẑ

t+i
k , z̃t+ik );

12 k⋆ ← argmaxk∈{1,...,N} L
(k)
cyc;

13 return âtk⋆

ztS

zt\S

xt

at

zt+1
S

zt+1
\S

xt+1

t t+1

Figure 3: Compositional OOS Dynam-
ics. The verifying dynamics (blue, dashed)
are on-support, while the OOS-prone dy-
namics (red, solid) are not. The action at

potentially influences both.

Finally, we roll out the action-conditioned world model under these inferred actions,

ẑt+i+1 = fθ(ẑ
t+i, ât+i), i = 0, . . . ,K − 1, (6)

initialized at ẑt = enc(xt). The reverse ordering ensures that action inference is performed on
plausible transitions produced by pϕ, while the forward model is evaluated on the action-conditioning
it must ultimately master.
From this cycle, we obtain two trajectories over the same horizon: an action-free latent reference
z̃t+1:t+K and an action-conditioned latent rollout ẑt+1:t+K . We measure their discrepancy with a
cycle-consistency loss

Lcyc(x
t) :=

K∑
i=1

ℓ
(
ẑt+i, z̃t+i

)
, (7)

where ℓ is a task-appropriate distance in latent space. We use this distance to prioritize data collection,
as summarized in Algorithm 1.

3 ANALYSIS: SPARSE INVERSE VERIFICATION

ASIM (§2) improves a world model by using a sparse inverse dynamics model as an action-
reachability verifier, and using the resulting forward–inverse consistency as a signal for targeted
self-improvement (e.g., prioritizing new data collection). The key question is when this verifier
remains reliable exactly in the regimes where forward prediction is hardest (e.g., compositional
out-of-support cases in §4.1.1). Here, we provide theoretical understandings of why and when this
works.
We follow the notation introduced in §2.1. We call a state–action pair out-of-support (OOS) if
(zt,at) /∈ supp(Pseed(z,a)); the regime we care about is when the full pair is OOS but a small
action-relevant subset remains on support. Our sparse inverse model hψ operates on a (sparse)
verification subset S , i.e., ât = hψ(ẑ

t
S , ẑ

t+1
S ). We call S a verification subset if it is (i) insulated: in

the latent causal process, zt+1
S depends only on (ztS ,a

t) (not on zt\S ), and (ii) action-influenced: at

is identifiable from the subset transition (ztS , z
t+1
S ) (formalized as S = Ssrc ∩ Sact in Def. D.4). The

sparsity constraint M in (3) is meant to bias hψ toward this block. Importantly, we show that this latent
block can be identified (up to permutation) from observations under mild conditions (Appendix D),
so using ẑS is not an oracle choice. Without sparsity, an IDM can exploit action-correlated but
non-causal cues in z\S , which are also the factors most likely to shift under compositional OOS.
Intuitively, zS is agent-centric (e.g., proprioception / end-effector motion), while z\S contains the
harder-to-predict scene factors (objects, contacts, clutter). We illustrate the process in Figure 3.
Assumption 3.1 (Generation-verification gap (informal)). There exists an identifiable verifying block
S (Appendix D) such that, for the transitions of interest:

1. The verifier stays in-distribution. Even if the full pair (zt,at) is OOS, the sub-block pair (ztS ,a
t)

remains in-support: (ztS ,a
t) ∈ supp(Pseed(zS ,a)).

4
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2. Actions leave a unique imprint on zS . For a fixed ztS , different actions induce different next
values zt+1

S , so at is uniquely determined by the transition (ztS , z
t+1
S ).

Theorem 3.2 (Sparse inverse verification recovers correct actions on compositional OOS transitions
(informal)). Under Assumption 3.1 (with the action-relevant block S identified as in Appendix D), an
inverse verifier hψ trained on the labeled seed can recover the correct missing action on an unlabeled
transition (xt,xt+1) by computing ât = hψ(ẑ

t
S , ẑ

t+1
S ). In particular, this action recovery can hold

even when the full state–action pair is OOS: (zt,at) /∈ supp(Pseed(z,a)).

Connection to ASIM’s cycle-consistency signal. In §2, ASIM samples plausible subgoals from
the subgoal generator, encodes them to latent space, infers the connecting actions with hψ, and
measures the discrepancy between the prior trajectory and the world-model rollout. Theorem 3.2
says that when the generation–verification gap holds, the inferred actions are identifiable from the
on-support subset transition, so cycle inconsistency is primarily attributable to forward-model error
rather than action-label noise. In the main paper, we use this correctness primarily to score candidate
subgoal chains and to prioritize collecting new interactions. A formal latent causal model, conditions,
and proof are in Appendix D.

3.1 PRACTICAL IMPLICATIONS

The assumption above pinpoints when sparse inverse verification helps or breaks in practice:
• Largest gains when zS is small and fixed-dimensional. If zS is robot-centric while the rest of

the scene grows (more objects and interactions), forward prediction becomes harder but action
recovery does not, widening the forward-inverse gap (as observed in §4.1.1).

• Sweet spot: compositional novelty outside the verifier. ASIM is most effective when OOS
novelty lives in z\S (e.g., new tool–object contact outcomes) while zS follows familiar agent
motion. Then hψ can still infer actions, allowing the world model to learn the new consequences.

• Degradation under action aliasing (violation of ?? 3.1). When multiple actions induce nearly
indistinguishable changes on zS (e.g., latency, heavy noise), inferred actions become ambiguous
and self-improvement can drift. This motivates sparsity (to focus on the most action-imprinted
variables) and confidence/consistency filtering before using this signal.

• Failure when novelty feeds back into the verifier (violation of Def. D.4). If OOS factors causally
perturb zS itself (e.g., strong contact forces altering proprioception), then the verifier leaves its
training support and action recovery is no longer reliable.

4 EXPERIMENTS

In this section, we present a series of experiments to answer the following research questions:
RQ1: Is learning an inverse dynamics model easier than learning an action-conditioned world model,
and what factors influence the gap between them?
RQ2: Do Sparse IDMs generalize better than vanilla (dense) IDMs to unseen objects and novel
interactions?
RQ3: How effective is forward–inverse consistency for self-improving the world model?
RQ4: Does this self-improvement translate into improved downstream policy learning?
Among these, RQ1 & RQ2 establish the foundations for RQ3 & RQ4, by validating our hypotheses
regarding the information gap between IDMs and WMs, as well as the benefits of sparsity in improving
generalization. To address RQ1 and RQ2, we conduct controlled experiments in MiniGrid (Chevalier-
Boisvert et al., 2023), with a particular emphasis on out-of-distribution generalization to unseen
objects and novel interactions. Building on these findings, we then evaluate the proposed framework
in more complex settings, assessing how it enables self-improvement of world models quality (RQ3)
on both MiniGrid and robotic manipulation tasks (RoboMimic (Zhu et al., 2020) and ManiSkill (Mu
et al., 2021)), and how these enchance downstream policy learning performance (RQ4) on robotic
manipulation tasks.
Baselines. We compare our method (§2) against the following data curation strategies:
• Random: uniformly sample candidates from unlabeled examples.
• Oracle: select candidates with the largest prediction loss of the world model, computed using

ground-truth action labels (upper bound).
• Uncertainty: select candidates with the highest predictive uncertainty (Sekar et al., 2020).
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Figure 4: Evaluation of our self-improving world model on MiniGrid. (a) Action prediction
accuracy of Sparse IDM and Vanilla IDM on the OOD test set. Vanilla IDM fails on interaction
actions, whereas Sparse IDM achieves consistently strong performance across all action types,
demonstrating improved compositional generalization. (b) Sample efficiency comparison between
Sparse IDM and the World Model with six objects. Sparse IDM achieves higher accuracy with
substantially fewer training samples. (c) Robustness under increasing state complexity with a fixed
training budget (#samples = 2000). IDM maintains high accuracy (> 91%), while World Model
performance degrades significantly. (d) Comparison of acquisition strategies. Our Consistency-based
strategy outperforms standard baselines and matches Oracle performance by prioritizing interaction-
rich transitions.

• Progress: select candidates with the largest learning progress, measured as the change in model
loss on the candidate set between two rounds (Kim et al., 2020).

• Vanilla IDM: our method without the sparsity constraint.

4.1 EXPERIMENTS IN SYNTHETIC MINIGRID

Dataset. We collect 50k interaction sequences from three MiniGrid tasks: Key Delivery, Ball
Delivery, and Object Matching. We train the action-free subgoal generator as the video
prior on half of the sequences. The remaining sequences are partitioned into an action-labeled seed
set of 200 sequences, and an unlabeled candidate of 20k sequences. To evaluate generalization in
under-explored regimes, we construct an OOD split by restricting training to a subset of action-object
combinations and holding out the rest compositions for test. Additional details on the MiniGrid
datasets and tasks are provided in Appendix §B.

4.1.1 ROBUSTNESS OF INVERSE VERIFICATION

We first compare the robustness of forward world models and inverse dynamics models under
controlled distribution shifts (RQ1 & RQ2).
Setup. We vary the amount of labeled training data {400, 800, 1200, 1600, 2000} collected in
environments with 6 objects, and evaluate on test transitions in environments with {6, 8, 10, 12, 14}
objects. For direct comparison, we convert inverse model predictions into next state predictions:
for each test pair, the IDM predicts an action, which we then execute in the simulator to obtain
the induced next state. We report the same metric for both the world model and the IDM-induced
transition.
Results. For RQ1, Figure 4 (b and c) evaluates the robustness of IMDs and world models under
varying data budgets and increasing state complexity, induced by a growing number of objects.
Figure 4 (b) shows that, across data regimes, action inference using IDMs consistently outperforms
learning action-conditioned world models, with the performance gap being most pronounced in
the low-data regime. Figure 4 (c) further reveals that while both WMs and IDMs perform well on
in-distribution settings with a small number of objects, the WM’s performance degrades rapidly
as state complexity increases. In contrast, the IDM remains stable across complexity levels. This
robustness gap is critical, as it provides empirical justification for using the IDM as a reliable verifier
of the world model.
For RQ2, Figure 4 (a) reveals a pronounced divergence in out-of-distribution generalization. The
vanilla IDM fails on interaction-heavy actions, whereas the sparse IDM maintains strong performance.
This suggests that enforcing sparsity acts as an inductive bias that promotes more robust action
inference.

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICLR 2026

200 400 600 800 1000

10

15

20

25

Can

200 400 600 800 1000
8

12

16

20

24

Lift

200 400 600 800 1000

16

24

32

40

Square

200 400 600 800 1000
10

15

20

25

30

PokeCube

200 400 600 800 1000
8

12

16

20

24

PullCube

200 400 600 800 1000
8

12

16

20

24
LiftPeg

W
or

ld
 M

od
el

 P
re

di
ct

io
n 

Er
ro

r

Number of Training Samples

Oracle Ours Vanilla IDM Uncertainty Progress RND

Figure 5: World model prediction error on Robomimic and Maniskill tasks (averaged across
3 seeds). We evaluate the observation prediction as the number of training samples increases.
Compared to the existing methods, our proposed approach yields more accurate world models with
fewer samples.

4.1.2 IMPROVEMENTS ON WORLD MODEL QUALITY

Building on the above empirical justifications, we now evaluate RQ3 by examining whether the
proposed framework improves world model learning quality.
Setup. We first train a base model on 200 uniformly sampled labeled transitions, then run three
exploration rounds in which each strategy acquires a budget of 100 transitions. We report the
prediction error over 5 random seeds.
Results. Figure 4 (d) demonstrates that both the Oracle and our method significantly outperform
baseline methods. We attribute this advantage to the structural imbalance of the dataset, where
complex interaction actions are sparse relative to simple movement. The Random strategy fails to
sample these critical sparse events with sufficient frequency. The Progress method struggles with
sample redundancy; it tends to over-prioritize transitions where the model is already competent,
yielding negligible marginal information gain. Similarly, the Uncertainty baseline exhibits high
variance, likely due to its susceptibility to samples with stochastic noise rather than informative
trajectories.In contrast, by explicitly filtering for interaction-rich transitions, our method mirrors the
Oracle’s selection efficacy, achieving superior generalization with equal data budget. Qualitative
results are given in Appendix.

4.2 EXPERIMENTS ON SIMULATED ROBOT MANIPULATIONS

Datasets & Setups. We consider a set of challenging robotic manipulation tasks from two evaluation
suites in Roboverse (Geng et al., 2025): Robomimic (Zhu et al., 2020) (Lift, Can, Square) and
ManiSkill (Mu et al., 2021) (PullCube, PokeCube, LiftPeg). For both suites, we curate training
data using expert demonstrations in a two-stage process. We first pretrain diffusion policies (Chi et al.,
2025a) for different numbers of training steps, yielding a diverse collection of behavior trajectories
with varying levels of optimality. Based on these trajectories, we partition the data into two subsets:
(1) the world-model warm-up dataset, which includes the expert demonstrations together with on-
policy trajectories collected from the best-performing diffusion policy checkpoint trained on those
demonstrations; (2) the active learning dataset, which consists of trajectories generated by imperfect
diffusion policy checkpoints, capturing diverse exploratory behaviors.
Model Choices. For the world model, we adopt Dreamer-v3 (Hafner et al., 2023), which learns a
latent recurrent state-space model (RSSM). For sparse IDM, we employ the model backbones from
CLAM (Liang et al., 2025) and further impose sparsity on this latent action space. Details are given
in Appendix.
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Figure 6: Downstream policy performance on RoboMimic and ManiSkill using learned world
models. On average, our method achieves 18% higher average reward than the strongest baseline and
45% higher than vanilla exploration. Error bars denote the standard error over 3 seeds.

4.2.1 IMPROVEMENT OF WORLD MODEL QUALITY

To address RQ3, we asses world-model learning quality by using the prediction loss of the learned
world models. Concretely, we measure the mean squared error (MSE) of next-observation prediction
on a held-out test set.
Setup. We first warmstart the world model with training on {200, 400, 600, 800, 1000} trajectories to
tune the world model for another 200 epochs with our self-improving loop. We measure the error as
the average observation MSE for 32 predicted frames after 2 exploration rounds. To ensure statistical
reliability, we test using 3 seeds and report the mean error for each.
Results. Fig. 5 shows the world model prediction results under different data budgets. Our method
consistently outperforms all baselines, with particularly large gains in the low-data regime, where the
performance gap is larger. In addition, sparse inverse dynamics models consistently outperform their
dense counterparts on object manipulation tasks.

4.2.2 EFFECTIVENESS FOR POLICY LEARNING

To address RQ4, we evaluate how effectively the self-improved world models facilitate downstream
policy learning performance. We follow the SAILOR evaluation protocol (Jain et al., 2025) and
report the reward during training.
Setup. We evaluate whether the learned world model leads to improved policy learning through
imagination. Following SAILOR (Jain et al., 2025), we use the world model to perform online search
over imagined latent trajectories for policy refinement of base diffusion policies. Specifically, we
adopt their reward modeling setup, where a learned reward model scores latent states based on how
closely they resemble expert behavior. We then evaluate policy performance after fine-tuning the
world model using a data budget of 1,000 trajectories under different world model variants.
Results. Fig. 6 evaluates whether improved world model learning translates into stronger downstream
policy learning when planning in imagination. Across all RoboMimic (Can, Lift, Square) and
ManiSkill (PokeCube, PullCube, LiftPeg) tasks, policies trained with our world model consistently
achieve higher rewards than those using baseline world models, and are second only to the oracle
model with access to privileged ground-truth actions. The performance gap is particularly pronounced
on tasks with higher ambiguity or contact complexity, such as Can, Square, and PokeCube, where
accurate latent dynamics are critical for effective imagination-based planning. In contrast, Lift exhibits
smaller performance gaps across methods, indicating that simpler dynamics reduce sensitivity to
world model quality. Overall, these results demonstrate that our approach learns more task-relevant
and accurate dynamics representations, leading to more effective policy tuning in imagination and
improved sample efficiency compared to both dense and heuristic-based baselines.
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A RELATED WORK

World Models for Robotics. Model-based reinforcement learning (MBRL) learns predictive
environment dynamics and uses them for planning and policy improvement. Classical MBRL
interleaves real experience with model rollouts and probabilistic, data-efficient control (Sutton,
1990; Deisenroth & Rasmussen, 2011). Modern deep MBRL combines high-capacity models with
MPC and short imagined rollouts with ensemble uncertainty or branched rollouts inside off-policy
RL (Chua et al., 2018; Janner et al., 2019). For high-dimensional observations, latent world models
learn compact dynamics for imagination-based learning and planning (Ha & Schmidhuber, 2018;
Hafner et al., 2019b;a; 2023; Łukasz Kaiser et al., 2020). Planning-centric methods further couple
learned models with search or MPC (Schrittwieser et al., 2020; Hansen et al., 2022). To improve
systematic generalization, structured and object-centric world models impose factorized dynamics
(Kipf et al., 2020; Zhao et al., 2022), yet systematic robustness remains challenging. Our method
instead leverages a robust verification mechanism to drive continual self-improvement.

Inverse Dynamics on Videos. A common strategy for leveraging action-free observations is to infer
actions from state transitions. Action prediction has also served as a long-running self-supervised
objective for video/embodied representation learning, using tracking/egomotion cues or inverse-
model objectives (Wang & Gupta, 2015; Agrawal et al., 2015; Pathak et al., 2017; Sermanet et al.,
2018). For imitation from state-only demonstrations, Behavioral Cloning from Observation (BCO)
and its subsequent work (Torabi et al., 2018; Yang et al., 2019) trains an inverse dynamics model
to recover missing action labels and exhibits promising scalabiling behaviors on large-scale video
corpora and robotic manipulation data (Baker et al., 2022; Tian et al., 2025). Complementary work
avoids committing to grounded actions by learning latent action spaces from action-free data and
studying identifiability, dual (forward+inverse) objectives, and transfer (Schmidt & Jiang, 2023;
Lachapelle, 2025; Ye et al., 2024; Tharwat et al., 2025; Bu et al., 2025; Gao et al., 2025; Zhang et al.,
2025). However, full-observation IDMs can exploit action-correlated but non-causal factors, and
latent actions can be semantically ambiguous and hard to verify under distribution shift. In contrast,
we propose to learn a sparse inverse model on action-relevant states to verify world models.

Exploration for World Models. A central challenge in active world model learning is determining
which actions yield the most informative data for updating the world model. Prior approaches include
count-based methods that encourage coverage of the state or transition space via visitation statistics or
density surrogates (Bellemare et al., 2016; Ostrovski et al., 2017; Burda et al., 2018; GX-Chen et al.,
2025), but these are agnostic to transition learnability and often inefficient for reducing model error.
Uncertainty-based methods prioritize transitions with high epistemic uncertainty using information
gain or ensemble disagreement (Houthooft et al., 2017; Shyam et al., 2019; Sekar et al., 2020), at
the cost of substantial computation and sensitivity to uncertainty calibration in high-dimensional
spaces. World models are also used to construct intrinsic objectives for exploration and skill learning
via imagined rollouts and goal discovery (Mendonca et al., 2021; Hu et al., 2023; Zheng et al.,
2024; Liu et al., 2024), but these approaches typically assume either action access or on-support
dynamics during deployment. Progress-based approaches instead select actions that maximize
learning progress (Graves et al., 2017; Achiam & Sastry, 2017; Kim et al., 2020), but may bias
exploration toward short-term improvements. Prediction-based methods, most closely related to ours,
directly use world model prediction error as an intrinsic signal (Pathak et al., 2017; Haber et al.,
2018; Stadie et al., 2015; Du et al., 2021), yet rely on training an exploration policy, tightly coupling
data acquisition with policy optimization and limiting scalability. Our work goes beyond passive
selection by estimating information gain via cycle-consistency and actively deploying agents on the
most informative trajectories, enabling targeted exploration without environment-specific policies.

B MINIGRID SETTING

We conduct experiments in the MiniGrid simulation environment, using EmptyEnv with three object
types: key, ball, and box, each of which can be either red or blue. The agent has seven discrete
actions: turn left, turn right, move forward, pick up, drop, toggle, and swap. The behavior of the
toggle action is object-dependent: for keys and balls, it switches the object’s color; for boxes, it
places the currently carried object inside. The swap action is not part of the original EmptyEnv. We
define it as exchanging the object in front of the agent with the object it is carrying. Based on this
setup, we designed three tasks in EmptyEnv, the details of which can be found in §B.1.
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Table 1: Dataset statistics for pre-training and active learning.
Category Count (Transitions)
Total Collected 56,273
Unlabeled Pre-training Set 28,000
Active Learning Pool 28,273
Test Set (Action-balanced) 10368

Action \ Object red key blue key red ball blue ball

Pick up × ✓ × ⋆
Drop ⋆ × ✓ ×
Toggle ⋆ ✓ ✓ ⋆
Swap (box for . . . ) ⋆ × ✓ ×

Table 2: Action–object composition coverage in the training and OOS test sets. ✓ denotes composi-
tions seen during training, ⋆ denotes OOS-only compositions evaluated at test time, and × denotes
combinations absent from both sets.

B.1 TASK DEFINITIONS

To evaluate the agent’s ability to handle long-horizon dependencies and compositional logic, we
design three complex tasks in the MiniGrid environment. Each task requires the agent to manipulate
objects (Key, Ball, Box) based on their attributes (Red, Blue).
• Task 1: Key Delivery. The agent must: (1) locate a key, (2) change its color to match the target

box, (3) place the key inside the box, (4) swap the box with a ball, (5) adjust the ball’s color to
match the box, and (6) reach the goal.

• Task 2: Ball Delivery. This is a structural mirror of Task 1 but swaps the roles of the key and the
ball. The agent must place the ball inside the box before manipulating the key and reaching the
goal.

• Task 3: Object Matching. The agent must: (1) identify the reference color of the box, (2) locate
the key and ball, (3) synchronize the key’s color with the box, (4) synchronize the ball’s color with
the box, (5) place both the key and the ball around the box, and (6) reach the goal.

B.2 EVALUATION METRICS.
In active learning experiments, we evaluate all methods using the world model’s next-state prediction
loss on the held-out test set, reported both overall and stratified by action categories. Actions are
grouped into movement actions (turn left, turn right, move forward) and interaction actions (pick
up, drop, toggle, and swap). Additionally, we report Dynamics Accuracy, which measures prediction
accuracy only over elements that undergo temporal changes, including both visual grid cells and
internal agent attributes (e.g., carried status), while masking out invariant background regions. By
focusing on these dynamic components, Dynamics Accuracy mitigates metric inflation caused by
static background dominance and better reflects the model’s ability to capture action-driven dynamics.

B.3 DATASET STATISTICS AND OOD SETUP

Dataset Composition. We collect over 50,000 trajectories across all experimental stages, resulting in
diverse state–action–next-state transitions. Detailed statistics of transition counts for each stage are
reported in Table 1.
Compositional OOS Generalization. To evaluate compositional out-of-distribution (OOD) general-
ization, we partition action–object–color combinations as summarized in Table 2. During training,
models are exposed only to a restricted subset of combinations (e.g., pick up blue keys), while
evaluation is conducted on held-out compositions involving unseen combinations (e.g., pick up blue
balls).
State Complexity. To construct environments with varying state complexity, we vary the number of
objects placed in EmptyEnv and collect trajectories by executing random policies, yielding datasets
with increasingly complex object configurations.

B.4 MODELS IN MINIGRID

World Model. We employ a physics-aligned architecture that preserves spatial structure via
coordinate-aware convolutions. The model incorporates a supervised vector-quantized bottle-
neck van den Oord et al. (2018), which explicitly maps latent codes to discrete actions and conditions
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Lift Can Square

Pokecube Pullcube Liftpeg
Figure 7: Visual description of all tasks used from RoboMimic (Row 1) and Maniskill (Row 2).

a residual dynamics engine through Feature-wise Linear Modulation (FiLM) Perez et al. (2017),
promoting object persistence and physical consistency.
Inverse Dynamics Models (IDM). To verify the robustness of sparse IDM, we compare two IDMs
on the OOD test set:
• Vanilla IDM: Takes the entire observation frame and the agent’s proprioceptive state as input.
• Sparse IDM: Restricts the input to a minimal local receptive field, processing only the agent’s

current cell and the cell directly in front.

B.5 ACTIVE LEARNING METHODS IN MINIGRID

The Oracle strategy used in §4 selects samples with the highest prediction loss, corresponding to the
hardest transitions under the current world model. To better understand the role of sample difficulty
in active learning, we further introduce two oracle variants:
• Oracle-Easy: selects samples with the lowest prediction loss, corresponding to the easiest transi-

tions.
• Oracle-Uniform: partitions samples into disjoint prediction-loss intervals and selects high-loss

samples within each interval, ensuring balanced coverage across different difficulty levels.
To analyze the behavior of different active learning strategies, we visualize the distribution of
prediction errors—measured by the world model’s prediction loss—over the samples selected by
each method (Figure 8). This analysis reveals how different selection criteria bias the collected data
toward specific difficulty regimes and provides insight into their impact on world model learning.
Qualitative Results. Figure 9 presents a qualitative comparison of world model predictions across
interactive actions. While most methods perform similarly on simple motion-dominated transitions,
clear differences arise for interaction-centric actions such as Toggle and Swap. In these cases, models
trained with actively selected data more accurately capture interaction-induced state changes, whereas
exploration-based baselines—particularly Random—exhibit a strong bias toward predicting frequent
but uninformative movement actions (e.g., Turn), highlighting the benefit of informative data selection
under distribution shift.

C ROBOTIC DOAMINS SETTING

The experiments are conducted on simulated robotic manipulation tasks from Robomimic (Zhu
et al., 2020) (Lift, Can, Square) and ManiSkill (Mu et al., 2021) (PullCube, PokeCube,
LiftPeg). Fig. 7 provides a visualization of these tasks. For each task, the agent observes RGB
images from both a wrist-mounted camera and a front-facing camera. In addition, proprioceptive
observations are provided, including the end-effector position and orientation, as well as the gripper
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Figure 8: The distribution of world model’s prediction error on the data selected by different active
learning methods.
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World Model
Replay capacity 1× 105

Batch size 16
Batch length 32
Optimizer Adam
Reconstruction loss scale 1.0
Learning rate 1× 10−4

Table 3: World model training hyperparameters.

position. The action space is a 7-dimensional continuous vector in [−1, 1], including the control
changes in the end-effector position and orientation, and the opening and closing states of the gripper.

C.1 ADDITIONAL DETAILS ON SETUPS.

Dataset Collection. For both benchmarks, we train 10 diffusion policy models to collect a diverse
set of trajectories, resulting in a total of 1500 samples per task. We follow the default horizon settings
of each environment: 100 steps for Lift, 200 for Can and Square, 50 for PullCube, 100 for
PokeCube, and 150 for LiftPeg. We use nine of these checkpoints to construct the active learning
dataset, and reserve the remaining checkpoint as a validation set for evaluating world model learning
quality.
Reward Evaluation. We follow the reward formulation of SAILOR (Jain et al., 2025). Specifically,
we train a reward model (using the same architecture and hyperparameters as in SAILOR) to score
the latent states of our world model based on how expert-like they are. The reward model is trained
as a discriminator between latent embeddings from expert rollouts and learner rollouts, using a
moment-matching objective with a gradient penalty.

C.2 DETAILS ON WORLD MODELS.

We adopt an action-conditioned world model based on Dreamer-V3 (Hafner et al., 2023). Visual
observations are encoded using a convolutional encoder with stride-2 convolutions, and proprio-
ceptive states are embedded with a 5-layer MLP. Based on empirical performance, image and state
inputs are processed by separate encoders. For decoding, image observations are reconstructed
using a transposed-convolutional decoder with stride-2 upsampling, and proprioceptive states are
reconstructed via a 5-layer MLP.
The latent state zt comprises a deterministic recurrent component ht and a stochastic component st.
The deterministic state is modeled by a GRU with a 512-dimensional hidden state and is updated
using the previous latent state zt−1 and action at−1. The resulting recurrent state is then used by
the dynamics model to parameterize the distribution of the stochastic latent variable st. The number
of dimensions of stochastic representation is 1024. The number of the rollout horizon is 32. Other
training hyperparameters are given in Table 3.

C.3 DETAILS ON INVERSE DYNAMIC MODELS.

We adopt the inverse dynamics modeling framework from CLAM (Liang et al., 2025) as our base
IDM architecture. Given consecutive observations (ot, ot+1), a latent inverse dynamics model infers
a continuous latent action zt = fϕ(ot, ot+1) that captures the underlying transition. This latent action
is then used to condition a latent forward dynamics model, gψ(ot+1 | ot, zt), which predicts the next
observation ôt+1. An action decoder pω(at | zt) maps the latent action back to the environment action
space. The IDM, FDM, and action decoder are jointly trained using a combination of reconstruction
and action prediction losses over both labeled and unlabeled trajectories. Compared to CLAM, we
additionally We encourage sparsity in the latent action space by applying an ℓ1 regularization term to
the inferred latent actions zt. encouraging the model to discover structured and task-relevant factors.
For visual observations, following CLAM, we adopt a ST Transformer (Bertasius et al., 2021) for
encoders. Each 64× 64× 3 RGB image is first partitioned into non-overlapping 16× 16 patches,
yielding 16 visual tokens per frame, which are projected into a shared hidden space via a linear
embedding layer. The encoder is composed of the stacked ST attention layers. In the decoder, each ST
block performs cross-attention between visual tokens and the latent action representations produced
by the encoder. Other hyperparameters are given in Table 4.
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Hyperparameter Value
Num updates 500,000
Train action decoder every 2
Action decoder batch size 128
Action decoder loss weight 1
Action decoder hidden dim [1024, 1024, 1024]
Action decoder embedding dim 512
Reconstruction loss weight 1
Sparsity loss weight 0.1
Latent action dim 16
Context len 2
Embedding dim 128

Table 4: Hyperparameters for inverse dynamics and action decoding.

C.4 VISUALIZATION

Fig. 10–11 visualize open-loop rollouts on Robomimic-Lift and Robomimic-Square. Overall, the
base model exhibits poor visual predictions, with noticeable degradation in both rendering quality and
dynamical consistency. Incorporating uncertainty- and progress-aware active learning substantially
improves visual fidelity with more samples, producing sharper and more coherent renderings over
time. In contrast, the vanilla IDM improves the accuracy of the underlying dynamics, indicating that
inverse dynamics supervision helps recover action-relevant transitions. However, over long horizons,
particularly in the final one to two frames, noticeable discrepancies remain, such as misaligned
gripper orientations and inaccurate object occlusions. Our sparse IDMs further mitigates these
long-horizon errors, yielding more stable dynamics and better-preserved fine-grained details in the
predicted rollouts.

D THEORETICAL FOUNDATIONS OF SELF-IMPROVEMENT

This appendix provides a compact, self-contained proof of the self-improvement guarantee stated
in §3. The key idea is that, under a generation–verification gap, the full transition (zt,at) 7→ zt+1

may be out-of-support, while a small verification subset of latent variables remains on-support and is
sufficient to recover the action. ASIM uses this subset to verify (infer) missing action labels on OOS
transitions, thereby expanding its action-labeled support.

D.1 TIME-LAGGED LATENT CAUSAL MODEL (TLCM)

We consider a time-lagged latent causal model (TLCM) with k latent blocks zt := (zt1, . . . , z
t
k),

actions at, and observations xt. For clarity, we present the (deterministic) Markovian case used in
our analysis:

zt+1 = g(zt,at), (8)

xt = f(zt), (9)

where f is a diffeomorphism onto its image (so f−1 is well-defined on observed states). The induced
causal graph over (zt,at, zt+1) factorizes as

p(zt+1 | zt,at) =

k∏
i=1

p(zt+1
i | Pa(zt+1

i )). (10)

D.2 SUPPORT, COMPOSITIONAL OOS, AND THE VERIFICATION SUBSET

Let Dact ⊂ {(xt,at,xt+1)} be the action-labeled seed dataset inducing a seed distribution
Pseed(z

t,at, zt+1). Write
Sseed := supp

(
Pseed(z

t,at)
)

for the on-support set of state–action pairs.
Definition D.1 (On-support vs. out-of-support (OOS)). A state–action pair (zt−1,at−1) is on-support
if it lies in Sseed and is out-of-support (OOS) otherwise. For any index set U ⊆ {1, . . . , k} we also
define the marginal support

SU
seed := supp

(
Pseed(z

t−1
U ,at−1)

)
,

and say (zt−1
U ,at−1) is on-support if it lies in SU

seed.
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Definition D.2 (Compositional OOS transition). A transition (zt−1,at−1, zt) is compositional OOS
(w.r.t. Pseed) if (zt−1,at−1) /∈ Sseed but there exists a subset of variables U such that (zt−1

U ,at−1) ∈
SU

seed. Intuitively, novelty comes from an unseen combination of factors, while at least one subset
transition remains within the training support.

We now formalize which subset can serve as a verifier.

Definition D.3 (Source (insulated) set). Let Ssrc ⊆ {1, . . . , k} be a set of latent blocks that is
causally insulated from its complement in the TLCM graph:

∀i ∈ Ssrc, Pa(zti) ⊆ {zt−1
j : j ∈ Ssrc} ∪ {at−1}.

Equivalently, there are no directed edges from zt−1
\Ssrc

into ztSsrc
.

Definition D.4 (Verification subset). Let Sact := {i : at−1 ∈ Pa(zti)} denote the action-influenced
latent blocks. We define the verification subset as

S := Ssrc ∩ Sact.

The subset we require to remain on-support for verification is the intersection of (i) source/insulated
variables and (ii) action-influenced variables.

Assumption D.5 (Generation–verification gap (information asymmetry)). There exists a verification
subset S such that for every (potentially OOS) transition (zt−1,at−1, zt) we wish to label, the
restricted state–action pair remains on-support:

(zt−1
S ,at−1) ∈ SS

seed,

even though (zt−1,at−1) may lie outside Sseed.

D.3 TWO IDENTIFIABILITY INGREDIENTS FROM PRIOR WORK

Our proof uses (i) identifiability of the latent blocks (up to permutation / element-wise transforms)
and (ii) identifiability of the action from on-support subset transitions.

Condition D.6 (Identifiable latent blocks via mechanism sparsity). This condition is adapted from
Proposition 7 (together with Assumption 5) of Lachapelle et al. (2024). Consider a TLCM whose
observation model is a diffeomorphism (so f is invertible on its image) and whose transition model is
Markov with respect to a sparse dependency graph between (zt−1,at−1) and zt (as in Equation (10)).
Assume we learn a second TLCM (f̂ , ĝ, Ĝ) that is (z,a)-consistent with the ground-truth model
in the sense of Lachapelle et al. (2024) and that the ground-truth graph satisfies their graphical
criterion (Assumption 5). Then the learned latent variables are identifiable up to a permutation and
element-wise invertible transformations (“complete disentanglement”), so we can treat the learned
blocks as the true blocks up to a fixed relabeling.

Condition D.7 (Identifiable action from subset transitions). This condition is adapted from Theorem 1
of Lachapelle (2025) by substituting x ≡ zt−1

S and x′ ≡ ztS . Let S be a fixed verification subset and
define the subset dynamics gS(z

t−1
S ,at−1) := [g(zt−1,at−1)]S (well-defined whenever S ⊆ Ssrc).

Assume the following hold on SS
seed:

1. Continuity: for each action value a, the map zt−1
S 7→ gS(z

t−1
S ,a) is continuous;

2. Injectivity: for every zt−1
S , gS(z

t−1
S ,a1) = gS(z

t−1
S ,a2) implies a1 = a2;

3. Connected conditional support: for each a in the action support, supp
(
Pseed(z

t−1
S | a)

)
is

connected;
4. Support overlap: for any a1,a2 in the action support, supp

(
Pseed(z

t−1
S | a1)

)
∩

supp
(
Pseed(z

t−1
S | a2)

)
̸= ∅.

Then the action is identifiable from the subset transition (zt−1
S , ztS) up to a fixed relabeling: there exists

an injective map v (independent of zt−1
S ) such that any solution of the latent-action reconstruction

problem in Lachapelle (2025) recovers v(a) deterministically from (zt−1
S , ztS). In particular, when

the learned action alphabet matches the true discrete action set, this corresponds to a permutation of
action labels.
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D.4 VERIFIED SELF-IMPROVEMENT

We now state and prove the main appendix result.

Theorem D.8 (Identifiability of Self-Improvement). Let Dact ⊂ {(xt−1,at−1,xt)} be action-labeled
transitions sampled from Pseed, and let (x∗,t−1,x∗,t) be an additional unlabeled transition sampled
from some test distribution ptest. Let (z∗,t−1,a∗, z∗,t) denote the corresponding latent transition in
the TLCM, i.e. z∗,t = g(z∗,t−1,a∗) and x∗,t = f(z∗,t). Assume:

1. Latent blocks are identified up to a fixed permutation / element-wise transform (Condition D.6);
2. Generation–verification gap holds for the verification subset S (Assumption D.5);
3. Action is identifiable from subset transitions on SS

seed (Condition D.7).

Let hψ : (zt−1
S , ztS) 7→ at−1 be an inverse dynamics model trained on the on-support subset

transitions in Dact. Then the missing action label for the unlabeled transition is uniquely determined
by (z∗,t−1

S , z∗,tS ), and
â∗ := hψ(z

∗,t−1
S , z∗,tS )

recovers the true action (up to the fixed label relabeling in Condition D.7; with labeled data this
relabeling is resolved so that â∗ = a∗). Consequently, the tuple (x∗,t−1, â∗,x∗,t) is correctly labeled
while it may satisfy (z∗,t−1,a∗) /∈ Sseed, i.e. it can expand the action-labeled support.

Proof. By Condition D.6 (a restatement of Lachapelle et al. (2024, Prop. 7) in our notation), the
learned representation can be aligned with the ground-truth latent blocks up to a fixed permutation and
element-wise invertible transforms. This alignment preserves the block structure and (up to a fixed
relabeling) the parent/child relations in the TLCM graph, so the verification subset S = Ssrc ∩ Sact

is well-defined and accessible from observations via the learned encoder.
By Assumption D.5, the subset state–action pair (z∗,t−1

S ,a∗) lies in the on-support set SS
seed, even if

the full pair (z∗,t−1,a∗) is OOS. Therefore, the on-support subset transitions contained in Dact are
sufficient to train an inverse model hψ for gS .

Finally, by Condition D.7 (adapted from Lachapelle (2025, Thm. 1) with x ≡ zt−1
S and x′ ≡ ztS),

the action is identifiable from the subset transition (zt−1
S , ztS) up to a fixed relabeling. Hence

applying hψ to the on-support subset transition (z∗,t−1
S , z∗,tS ) recovers the correct action label (after

resolving the fixed relabeling using the labeled actions in Dact). This yields the correctly labeled tuple
(x∗,t−1, â∗,x∗,t), which can lie outside the original support Sseed and thus expands the action-labeled
coverage.

D.5 IMPLICATIONS OF THE GENERATION–VERIFICATION GAP

We now interpret Theorem 3.2 and Assumption 3.1 through a practical lens, identifying when ASIM
is most beneficial, when it degrades, and when it fails.

How large is the gap? ASIM separates verification (recovering the missing action) from generation
(predicting the full next state). Verification only uses the subset transition on zS , while generation
must model the full z. As a rule of thumb, ASIM becomes most attractive when dim(zS) ≪ dim(z):
the inverse model stays simple and stable even as the world model faces increasingly many OOS
compositions.

Condition 1: fixed verifier, growing scene (maximum benefit). If zS is agent-centric and fixed-
dimensional (e.g., proprioception) while the rest of the scene grows in complexity (more objects, tools,
contacts), then action recovery continues to rely on the same low-dimensional signal while the world
model must extrapolate over a much larger state space. In this regime, the benefit of ASIM grows
with scene complexity. Example (warehouse robot). A 7-DoF manipulator arm has dim(zS) = 7
(joint angles/velocities). In a warehouse with many objects, the world model must predict the state of
each object (and their interactions), so dim(z) grows with scene complexity. As scene complexity
grows, predicting the full next state requires accounting for many interacting factors beyond the
agent’s direct control, which increases the difficulty of accurate forward prediction. In many control
settings, however, the most useful signal is the action-imprinted change. This motivates focusing the
inverse model on an agent-centric subset zS , where action recovery can remain stable as the rest of
the scene grows, yielding a practical forward–inverse gap that we exploit for self-improvement.
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Condition 2: compositional OOS with preserved source-set (strong benefit). ASIM succeeds
when OOS novelty is concentrated in z\S while the verifying subset behaves as it did in training.
Concretely, even when the full pair (zt−1,at−1) /∈ Sseed, the subset transition on zS remains on-
support, so an inverse model trained on Dact can still recover at−1 reliably. Example (tool–object
contact). Training contains “move knife in free space” and “touch apple with hand,” but not “slice
apple with knife.” At test time, the full transition is OOS (contact dynamics are novel), yet the arm
motion zS follows familiar trajectories. The inverse model can still recover the action, enabling the
world model to learn the novel contact outcome.

Condition 3: weak injectivity / action aliasing (degradation). Assumption 3.1(2) requires the
mapping a 7→ gS(z

t−1
S ,a, ϵ) to be injective. When different actions produce indistinguishable (or

nearly indistinguishable) subset transitions, recovered actions become ambiguous:

∃a ̸= a′ s.t. gS(zt−1
S ,a, ϵ) ≈ gS(z

t−1
S ,a′, ϵ). (11)

Example (underactuation / latency). In a soft gripper, different motor commands may produce nearly
identical proprioceptive changes due to compliance. Similarly, unmodeled communication delays
can smear the action’s effect across timesteps, violating injectivity. In such cases, pseudo-labels drift
and self-improvement degrades.

Condition 4: back-action from OOS into the verifier (failure). The verifying subset must remain
insulated from OOS components (the appendix calls this the source set property). ASIM fails when
OOS variables feed back into the verifier so that zS itself goes out-of-support. One way to view the
failure mode is that the verifier dynamics no longer depend only on (zt−1

S ,at−1), but also on zt−1
\S :

ztS = gS(z
t−1
S ,at−1, zt−1

\S , ϵt). (12)

Example (compliant contact). When a robot arm makes stiff contact with a deformable object, contact
forces feed back into joint-level torques and velocities. The “verifying” proprioceptive dynamics now
depend on the OOS object state, breaking the source-set assumption and causing action recovery to
fail.

Summary. ASIM is most effective when (i) the verifying subset is small and fixed-dimensional
relative to the full state, (ii) OOS novelty is confined to non-verifying blocks while zS stays on-
support, and (iii) the action imprint on zS is strong (high injectivity). It degrades under action aliasing
and fails when OOS dynamics causally influence the verifier.
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Figure 9: Qualitative comparison of world-model rollouts under diverse interaction actions
(Part I–II). Gold borders denote ground-truth next observations; green and red borders indicate
correct and incorrect predictions, respectively. Across both task sets, our method better preserves
action-dependent state changes—notably for structured interactions such as Toggle and Swap—than
exploration-based baselines.
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Figure 9: (Continued.) Task Set B. The Random baseline frequently collapses to predicting the
most common primitive motions (e.g., Turn), failing to model interaction-induced state changes (e.g.,
Toggle). In contrast, models trained with data selected by our method capture these state transitions.
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Figure 10: Qualitative comparison of world model predictions across different methods on Robomimic
Lift.
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Figure 11: Qualitative comparison of world model predictions across different methods on Robomimic
Square.
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