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Abstract

World model-based policy evaluation is a practical proxy for
testing real-world robot control by rolling out candidate ac-
tions in action-conditioned video diffusion models. As these
models increasingly adopt latent diffusion modeling (LDM),
choosing the right latent space becomes critical. While the
status quo uses autoencoding latent spaces like VAEs that are
primarily trained for pixel reconstruction, recent work sug-
gests benefits from pretrained encoders with representation-
aligned semantic latent spaces. We systematically evaluate
these latent spaces for action-conditioned LDM by com-
paring six reconstruction and semantic encoders to train
world model variants under a fixed protocol on BridgeV2
dataset, and show effective world model training in high-
dimensional representation spaces with and without dimen-
sion compression. We then propose three axes to assess
robotic world model performance: visual fidelity, planning
and downstream policy performance, and latent represen-
tation quality. Our results show visual fidelity alone is in-
sufficient for world model selection. While reconstruction
encoders like VAE and Cosmos achieve strong pixel-level
scores, semantic encoders such as V-JEPA 2.1 (strongest
overall on policy), Web-DINO, and SigLIP 2 generally excel
across the other two axes at all model scales. Our study
advocates semantic latent space as stronger foundation for
policy-relevant robotics diffusion world models.

1. Introduction

Action-conditioned video world models are emerging as a
practical interface between generative modeling and robotics
[6, 15, 45]. Given observation and action histories, they
predict future observations and serve as learned proxies for
robot-environment interaction when handcrafted simulators
are difficult to build [10, 38]. Recent works show that such
models can support policy evaluation with good correla-

tion to real-world outcomes [40], and policy improvement
[35, 49, 55]. Yet current evaluations say little about which
representation makes a world model faithful to robotic dy-
namics.

This question is increasingly important because many
video world models are latent diffusion models (LDMs)
[32, 41] that learn dynamics in an encoder-defined latent
space. The standard choice is a reconstruction-aligned au-
toencoder, such as a VAE [20] or recent variants [1, 11, 46],
whose latents are optimized for pixel fidelity and stable
decoding. But robotic world models are more than video
generators, where planning and evaluations require predic-
tions that preserve physical, spatial, and task dynamics. This
motivates using the semantic spaces of self-supervised and
vision-language encoders as latents for robot world model-
ing [3, 7, 16, 17, 27, 31, 39]. These spaces expose object
layout and task structure more directly than pixel-trained
autoencoders [36]. However, they are hard to use for diffu-
sion due to their higher dimensionality yielding off-manifold
latent generation with poor object structures [51]. RAE
[52] makes them more tractable with a dimension-dependent
noise-schedule shift and a wide DDT head [43], while S-
VAE [51] learns a compact, KL-regularized latent space
using a semantic autoencoder as an adapter over the frozen
semantic features.

Still, the effect of semantic latents on action-conditioned
LDM for robotics remains open. DINO-WM [53] and V-
JEPA 2-AC [3] show that pretrained feature spaces support
planning, but they are not diffusion models: DINO-WM is
an autoregressive feature-prediction world model, while V-
JEPA 2-AC is a JEPA predictor [2]. RAE-NWM [50] shows
that DINOv2 [27] spaces support diffusion-based navigation
world modeling. Yet navigation differs from contact-rich
manipulation, where gripper motion, object state, geometry,
and policy rollouts all matter. This leads to our question:
what effects does latent space choice have for LDM-based
robotic world modeling?
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Figure 1. Which latent space makes a better robotic world model? For a latent diffusion model, we fix the Diffusion Transformer (DiT)
transition model, action conditioning, and training data. We vary only the encoder f, defined latent interface: encoder, optional compression
adapter, and the associated decoder path. This isolates how reconstruction-aligned and semantic representations affect action-faithful
dynamics, generated rollouts, and downstream policy performance for robot control. We show the encoder families compared in the bottom

panels.

We answer this with a controlled evaluation study that
varies only the representation space in which the transition
model operates (see Fig. 1). For effective semantic space
LDM training, we adapt RAE’s wide-head and schedule-
shift recipe [52] alongside the compact S-VAE adapter [51],
and train on the Bridge V2 dataset [42] with the same DiT
transition model [28] and action-conditioning scheme. We
then propose an evaluation suite spanning three axes: visual
fidelity, planning and downstream policy performance, and
latent quality. Our findings show that semantic latents im-
prove action recoverability, task-success classification, CEM
planning, and policy-in-the-loop success, while reconstruc-
tion latents mainly retain photometric advantages. Our key
contributions are three-fold:

1. Our primary contribution is the evaluation of represen-
tation spaces for latent diffusion world modeling. We
do controlled analyses of how latent space choice affects
not only visual generation, but also robotics tasks and
robustness through our proposed three evaluation axes.

2. We propose an effective recipe for training diffusion
world models in high dimensional semantic spaces, by
leveraging the recent advances in semantic space dif-
fusion and extending them to action-conditioned world
modeling. We also study the effects of different design
choices.

3. We show that semantic latent spaces are consistently
more useful for policy evaluation and planning, even
when reconstruction latents match or exceed them on
low-level pixel fidelity, establishing that the best robotic
world model latent space is the one that preserves action-

relevant structure, not merely the one that reconstructs
images the best.

2. Problem Formulation

We consider multi-task robot manipulation from par-
tial observations. The offline dataset is D =
{(00.1, ao.7—1, ¢, y)}, where o; € O is an RGB observa-
tion, a; € R% is a continuous robot action, ¢ is an optional
language instruction, and y € {0, 1} denotes episode suc-
cess. Tasks vary in object configurations and instructions,
but share a robot embodiment; we therefore view the data
as samples from related partially observed Markov Decision
Processes with shared dynamics and task-dependent goals.
Because a single observation does not generally determine
the next observation under an action, we condition on a
finite visual-action history of length I and model the action-
conditioned predictive distribution over a rollout horizon K:

POty 164K | 0t—Ht, Gt—Ht 1K —1)-
2.1. Latent Space World Models

Rather than predicting future frames directly in pixel space,
latent world models learn predictive dynamics in a repre-
sentation space. Each model consists of a frozen encoder,
an optional frozen adapter, an action-conditioned transition
model, and a decoder.

Encoder and adapter. A pretrained image encoder maps
each observation to a spatial latent z; = fy(0;) € RV*D,
where N = h x w is the number of patches and D is the
encoder’s native channel dimension. The encoder is frozen,



so fy4 fixes the representation space in which dynamics are
learned. For high-dimensional semantic representation en-
coders, we optionally use a frozen adapter o, to obtain
compact diffusion-friendly latents 2, = ay(2;) € RV*4
[51]. For compressed reconstruction-aligned latent spaces,
the adapter is simply the identity map.

Transition model. An action-conditioned DiT [28] pre-
dicts future latent trajectories: Zii1.44x ~ po(c |
Zt—H:t, Gt—H-1+ K —1). Only the transition model is updated
during world model training; the encoder, adapter, and de-
coder remain fixed. For semantic encoders without adapters,
we add a lightweight wide DDT head [43], which adds few
parameters but addresses the width bottleneck of DiT for
high-dimensional latent spaces [52]. Otherwise, variants
share the same transition backbone and differ only in repre-
sentation and decoding path. Because all variants keep the
same patch-token count, the DiT backbone with adapter does
not incur an increase in transition-model parameter count or
GFLOPs.

Decoder. Predicted latents are mapped back to pixels as
Otr1:4+x = Dec(Zir1.44Kx). The decoder is needed for
visual rollouts and pixel-level evaluation, but decoded image
quality alone does not determine world model quality: a
model may render plausible frames while missing action-
relevant dynamics, or preserve control-relevant structure
despite minor photometric errors.

2.2. The Role of the Latent Space in Robotics

The encoder-defined latent space determines the state repre-
sentation on which the transition model pg learns dynamics.
In LDM, reconstruction-aligned latents 2™ = f{"™(o;) €
RN *DPrix are commonly used because they preserve pixel-
level information and provide reliable decoders [9]. For
robotic world models, however, the relevant state is not only
what an image looks like, but how it changes under actions
and whether those changes preserve task progress, object
state, contact, and geometry. This creates a multi-objective
problem where useful latents should be action-controllable,
task-informative, visually decodable, and useful for planning
or policy evaluation.

As an initial diagnostic, we use an inverse dynamics
model (IDM) to probe whether an encoder makes action-
relevant change explicit in latent space. Different encoders
induce markedly different action-aligned trajectory geome-
tries, suggesting that encoder choice changes which aspects
of robot dynamics are easy for a transition model to learn.
This motivates us to treat the latent space fy4 as the experi-
mental variable, and evaluate its effect beyond visual fidelity
on axes spanning controllability, task semantics, and policy
performance.

We thus compare reconstruction-aligned latents with se-
mantic latents from pretrained vision foundation models
[3, 27, 391, denoted as 2, = f5*(0;) € RN *Drer | Since
D, is typically large, we evaluate both native features and
compact adapter latents Z; = vy, (2,""). We train one world
model per candidate in ® = {f mo ;m)} while fixing
the data, history, action conditioning, optimizer, and transi-
tion backbone, so that each model learns a different latent
transition p((f) (Zt41:0+K | Zt—mH:t, Qr—H4+K—1). The de-
coder differences are controlled through reconstruction gap
metrics, latent-space metrics, and planning metrics.

3. Experiments

3.1. Dataset and Training

Benchmark protocol. We isolate the effect of the encoder-
defined latent space by fixing the dataset, history length,
action conditioning, transition architecture, optimizer, and
training schedule, and varying only the encoder f4, optional
adapter oy, and decoder path. For each encoder—adapter
pair, we train an LDM from scratch and evaluate the resulting
world model for visual fidelity, representation quality, and
downstream policy performance.

Dataset. We train and evaluate on Bridge V2 [42], a real-
robot manipulation dataset with ~60K WidowX 250 demon-
strations across 13 task families. Each episode includes
RGB observations, 7 Degrees of Freedom (DoF) end-effector
actions covering position, rotation, and gripper state, and
a language instruction. For trajectory success classifica-
tion, we use SOAR [54] which contains roughly 30.5K suc-
cess/failure class episodes for WidowX 250 with a 1:2 class
split.

Encoder variants. We compare two encoder families.
reconstruction-aligned encoders f§™ include: Stable Dif-
fusion 3 (SD3) VAE [11] with D=16, VA-VAE [46] with
D=32, and Cosmos [1] with D=16; for these, oy, = L
Semantics-aligned encoders f;EP include: V-JEPA 2.1 [26]
with D=1024, Web-DINO [13], adapted from DINOv2 [27],
with D=1024, and SigL.IP 2 [39] with D=1152. For seman-
tic encoders, we evaluate both native latents and compact
latents from a pretrained semantic VAE adapter [51], which
maps D—d with d=96.

Adapter, decoder, and transition model. The S-VAE
adapter [51] is pretrained to reconstruct frozen encoder
features with a KL-regularized loss, and is paired with a
lightweight pixel decoder. All transition models are DiTs
trained on Bridge V2 [42] with flow matching [25]. Each
DiT layer factorizes attention into a spatial block within each
frame and a causal temporal block across frames. We sam-
ple every second frame, condition on H =2 history frames,



and predict 8 future frames. We do not make use of lan-
guage instruction conditioning while training the DiT. For
all non-VAE encoders, we apply a dimension-dependent
noise-schedule shift [11]. At inference, models roll out au-
toregressively one frame at a time using a 10-frame sliding
context; VAE variants use their native pixel decoders, while
semantic variants use the learned adapter decoder.

3.2. Evaluation Metrics

To study how the choice of latent representation propagates
through to downstream tasks, we propose an evaluation suite
that segregates this effect across three axes.

1. Planning and downstream policy performance. For

robotics applications, a latent world model should enable
planning, i.e., searching for the optimal action sequence
given a goal state [3, 53]. Evaluating planning helps sep-
arate the latent world modeling performance from the
pixel decoder performance, which visual metrics con-
flate together. Given a real k-step transition, we use the
cross-entropy method (CEM) [33] to recover the action
sequence whose predicted latent best matches the tar-
get, and report CEM error at single-step (kK = 1) and
multi-step (k = 4) horizons.
We also test whether the world model can serve as a
policy-evaluation environment. We roll out OpenVLA-
7B [19] inside each world model on 20 Bridge V2 test
episodes with 8 trials per episode, and a subset of 10 of
these were used for Out-Of-Distribution (OOD) evalua-
tions. We use two Vision-Language Models (VLMs):
InternVL 3.5 [44] and Qwen 3.6 [30], to judge the
tasks’ success. We report consensus success rate, Borda
rank, and robustness under distractor-object and OOD-
instruction perturbations.

2. Pixel fidelity and scene geometry. Decoded rollouts
must remain visually coherent to support visual poli-
cies. We report image/video metrics: FID, SSIM, LPIPS,
FVD, temporal LPIPS, and point-track consistency, to-
gether with perceptual and geometric scores from Worl-
dArena [34]. This family measures generation and mo-
tion quality, temporal consistency, and scene geometry.

3. Latent representation quality. Because the transition
model operates in latent space, we directly probe whether
generated latents preserve action and task-relevant struc-
ture. We train an inverse dynamics model (IDM) [37]
on frozen encoder latents to recover action chunks for
horizon k€{1,4}, and apply the IDM to world model
latents to measure generation-induced degradation. We
train a classifier on latent trajectories of SOAR [54], a
language and success label annotated dataset of trajecto-
ries, to classify whether a trajectory was a success given
the text instruction. We again measure the degradation in
accuracy induced by evaluating on generated latents.

4. Findings

4.1. Does the choice of latent space affect planning
and policy performance?

Semantic latents offer better policy-in-the-loop perfor-
mance. Table | shows that encoder choice strongly affects
downstream VLA policy rollouts at DiT-S. Reconstruction-
aligned spaces perform worst: VAE and VA-VAE have the
lowest consensus success rates and weakest Borda ranks,
while semantic encoders improve policy success, interaction
quality, and robustness. V-JEPA 2.1 and SigLIP 2 variants
give the strongest DiT-S results. Semantic-family VLA SR
and CEM outperform reconstruction-family under paired
bootstrap over tasks.

Native semantic spaces preserve action geometry for plan-
ning. Representation aligned spaces have the lowest DiT-S
action-recovery errors (Table 1). For example, V-JEPA 2.1
is best at k=4 and SigLIP 2 is best at k=1. Fig. 2c likewise
shows semantic encoders closer to the upper-right diago-
nal in the VLA-OOD plane, while VAE-family models fall
lower and suffer larger distractor-induced drops.

Scaling narrows policy gaps but not action-centric gaps.
For DiT-L, the gaps in VLA success and OOD robustness
for VAE and Cosmos narrow relative to semantic encoders.
We attribute this to improved visual fidelity at larger model
size, which benefits the VLA policy. However, both still lag
on CEM action recovery, which depends directly on latent
transition structure rather than rendered visual quality; at
DiT-L, VAE and Cosmos have larger k=1 CEM errors than
all semantic encoders. They also lag on IDM r and classifier
accuracy.

4.2. Does the latent space affect action recoverabil-
ity and preservation of task semantics?

Semantic latents make action-relevant changes more re-
coverable. Table 2 shows that semantic encoders retain
substantially more action information than reconstruction-
aligned ones. On encoder latents, V-JEPA 2.1 and Web-
DINO achieve the strongest IDM Pearson 7 across both hori-
zons, and this advantage largely persists after world model
(WM) generation.

Semantic latents better preserve task-success informa-
tion. From Table 2, we also see that success classifiers
trained on frozen encoder latents achieve higher accuracy
for semantic encoders, and their performance degrades less
when evaluated on generated WM latents, with SigL.IP 2
having best WM latent accuracy. This indicates that se-
mantic spaces not only encode local action effects, but also
retain higher-level task progress signals useful for policy
evaluation.
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Figure 2. Latent space effect overview: each point is a DiT-S world model trained by varying only the encoder and the associated decoder
path. (a) Upper-right is favorable. Latent space metrics show that semantic encoders improve action recoverability, task-success separability,
and action planning error (CEM) relative to reconstruction-aligned encoders. (b) Lower-right is favorable. Visual utility metrics show that
pixel fidelity alone does not explain downstream performance: reconstruction-aligned spaces remain competitive on low-level image quality,
while semantic spaces often improve video and motion quality. (c) Upper-right is favorable. Closed-loop evaluations show that semantic
spaces generally yield higher VLA success and stronger robustness to OOD distractor objects and instructions. Details about all metrics are

in Sec. 3.2.

Table 1. DiT-S policy and behavioral metrics. Best and runner-up per column. In-distribution (ID) SR and Out-of-Distribution (OOD) SR
are calculated on a subset of 10 episodes with InternVL 3.5. Consenus SR and Borda rank aggregate InternVL3.5-14B and Qwen3.6-27B
rankings. Interaction quality measures the plausibility of robot-object contact. PCK coverage measures point tracking recall. Muted + terms

show one standard deviation error averaged over episodes.

‘ VLA SR ‘ Interaction quality ‘ PCK OOD robustness ‘ CEM error
Consensus  Borda | IQ Instr. PCK 1D OOD SR OOD SR
Encoder SR rank | score follow coverage SR distractor instruction k=1 k=4
i 1 T T i i i i 1 1
VAE 0.169 25 3.26 3.48 0.719 0.375 0.287 0.200 0.111 0.612
« VA-VAE 0.175 23 3.22 3.42 0.715 0.350 0.250 0.200 0.097 0.543
Cosmos 0.244 16 ‘ 3.32 3.51 0.707 0.425 0.362 0.275 0.112 0.661
» V-JEPA 2.1 0.344 6 3.43 3.78 0.735 0.600 0.575 0.400 0.084 0.424
o V-JEPA 2.196 | 0.362 8 ] 352 3.84 0.735 0.600 0.537 0.250 0.089 0.548
Web-DINO 0.212 21 3.34 3.58 0.735 0.550 0.512 0.250 0.090 0.474
Web-DINOgg | 0.300 11 | 344 3.77 0.732 0.600 0.512 0.275 0.090 0.531
SigLIP 2 0.325 9 343 3.58 0.730 0.537 0.500 0.263 0.082 0.523
SigLIP 296 0.331 15 ‘ 3.42 3.71 0.731 0.625 0.588 0.312 0.086 0.537

4.3. How does the latent space affect visual fidelity?

Semantic latent spaces remain visually competitive. Ta-
ble 3 shows that the policy gains from semantic encoders
do not come at the cost of decoded visual quality. At DiT-
S scale, these encoders dominate most perceptual, struc-
tural, and video-level metrics, particularly when used with
adapters dgg: SigLIP 294 gives the best SSIM, V-JEPA 2.19¢4
gives the best FVD, and Web-DINO variants are strongest
on JEPA similarity, subject consistency, depth error, and
temporal LPIPS. VAE-style spaces remain competitive on
image quality, and qualitatively tend to preserve sharper lo-
cal appearance details, but they lag behind semantic spaces

on global structure and temporal generation quality. Fig. 3
shows semantic space models have lower gap for pixel re-
construction, particularly while extrapolating beyond the
10-frame horizon length seen during training.

Scaling details. The main table focuses on DiT-S to em-
phasize controlled latent-space comparisons. The key pattern
remains that stronger visual metrics do not reliably predict
policy-facing metrics.



Table 2. IDM Pearson r (horizons k € {1,4}) and Success
classifier for DiT-S, reported on encoder (Enc.) and world model
(WM) latents.

‘ Pearson r ‘ Classifier Acc.
Encoder ‘ Enc.t ‘ WMt ‘ Whole-video
‘ k=1 k=4 ‘ k=1 k=4 ‘ Enc.t WM?T
VAE 0.507 0478 | 0476 0.464 | 0.835 0.716
» VA-VAE 0.549 0.744 | 0.545 0.719 | 0.868 0.744
Cosmos 0.626 0.673 | 0.581 0.651 | 0.851 0.723
o« V-JEPA 2.1 | 0.829 0.865 | 0.781 0.840 | 0.905 0.789
Web-DINO | 0.820 0.845 | 0.729 0.794 | 0.906 0.788
SigLIP 2 0.772  0.793 | 0.697 0.757 | 0.903 0.823
Encoder - WM Gap
3
& 0.3
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Figure 3. SSIM gap over steps.

4.4. Does scaling along input views and model size
help?

Multi-view training improves action recovery but can
hurt video quality under limited data. We take the
trained DiT-S models and finetune them for 20 epochs on the
Bridge V2 episodes that contain three camera views. Fig. 4
(left) shows that while this does lead to superior CEM action
prediction, it also degrades generation quality, possibly due
to smaller number of training episodes. However, the se-
mantic encoders are more robust to this degradation. Model
scaling improves both visual quality and policy success,
with larger gains for reconstruction latents: in Fig. 4
(right), we see that both generation (SSIM) and policy per-
formance (VLA-SR) generally scale with the DiT size. Here,
VAE scales notably well on visual metrics and approaches
semantic encoders, which already perform strongly at DiT-S.

4.5. Do compressed adapter latents aid semantic
encoders further for world modeling?

Adapters improve diffusion ease but can distort con-
trol geometry. Fig. 5, Table 1, and Table 3 show that the
compressed space dgg of adapters helps the latent diffusion

model, as also observed by Zhang et al. [51] and Bai et al.
[4]. This leads to generally stronger performance than the na-
tive variants on most metrics except latent CEM action error,
OOD robustness, and PCK coverage. These findings hint
towards the adapter compressing the latent space in a way
that is useful for high-level task completion such as diffusion
denoising but hurtful for fine-grained tasks like trajectory
optimization, where precise directional action information is
needed.

4.6. Do reconstruction-aligned and semantic en-
coders fail differently?

The main failure modes differ: reconstruction latents hal-
lucinate task semantics, while semantic latents miss ge-
ometry and contact. Our qualitative rollouts show that all
encoder families share a common failure mode where static
scene elements are faithfully preserved while manipulation-
relevant details hallucinate. Beyond this universal pattern,
encoder families show distinct hallucinations. Reconstruc-
tion encoders tend to fail at the object-semantic level: VAE
and Cosmos can hallucinate task-relevant objects, producing
coherent looking but task-incorrect states, and under OOD
instructions, both can maintain the prior action pattern rather
than updating to the new goal. Semantic encoders preserve
task-level intent at the cost of geometric precision. We find
the latter to better capture semantic distinctions even under
instruction shift.

4.7. Do high-dimensional semantic latents and
adapter add computational overhead?

High-dimensional semantic latents do not substantially
increase DiT compute in our setup. The DiT always re-
ceives the same number of tokens per frame N =256, hence
larger channel dimensions only affect the input/output projec-
tions. The main compute differences instead come from the
frozen encoder and decoder architectures. In particular, ViT-
based semantic encoders paired with the adapter pixel de-
coder remain competitive in total GFLOPs, while native high-
dimensional semantic spaces require only a lightweight wide
DDT head [43]. We report parameter counts and GFLOPs
split by encoder, adapter, DiT, and decoder separately.

5. Practical Recipe, Related Work, and Limita-
tions

A Recipe for Semantic Latent Diffusion Robotics World
Modeling Our findings suggest a practical recipe for build-
ing robotic latent diffusion world models. Do not begin
by optimizing for visual realism alone. Instead, choose a
latent space that makes action and task progress explicit,
make that space easy for diffusion to model, and evaluate
the resulting world model with control- and policy-based
metrics. Visual realism can often be improved through better
decoder training, but transition quality and latent fidelity



Table 3. Visual realism quality for DiT-S. Best and runner-up.

‘ Visual quality ‘ Content consistency ‘ Motion quality
Image  Aesthetic JEPA | Subject  Depth Dyn.  Flow
Encoder SSIMt  LPIPS| FID| qualityt quality? sim.{ | consist.T AbsRel| | degreet scoref FVD] t-LPIPS|
VAE 0.688 0218  17.428  0.592 0.467 0.871 0.810 0.390 0.767 1.186  6.829  0.0264
« VA-VAE 0.633 0226 15488  0.585 0.464 0.783 0.817 0.455 0.765 1.204  8.531 0.0253
Cosmos 0.608 0245 16947  0.558 0.463 0.517 0.793 0.638 0.813 1.511  8.195 0.0223
« V-JEPA 2.1 0.725 0.176 6.771 0.578 0.473 0.929 0.841 0.404 0.832 1.587 5459  0.0197
o V-JEPA 2.19¢ | 0.729 0.179 6.302 0.579 0.474 0.928 0.841 0.363 0.843 1.653 5224  0.0212
Web-DINO 0.722 0.199 7.626 0.576 0.472 0.938 0.849 0.350 0.794 1.408 6.656  0.0234
Web-DINOgg | 0.728 0.181 5.998 0.574 0.473 0.944 0.841 0.375 0.835 1.634 5510  0.0195
SigLIP 2 0.713 0.205 7.858 0.566 0.471 0.931 0.839 0.394 0.827 1.602  6.902  0.0228
SigLIP 246 0.738 0.179 6.881 0.573 0.472 0.938 0.843 0.372 0.827 1.547  6.005 0.0223
DiT-S: single-view — multi-view
14 1 —
® Single-view 0.74 1 - - A
Multi-view ~ - - -0.30
0.73 1 =
12 ~ - NS}
L, g 2
— ~ 0.72 -0.25 3
= 10 ~ §
1 = 0.71 g
S 7 -0.20 8
U—c N ~
g - 0.70 ;
-0.15%
J VAE
0.69
=3 VJEPA2.1
6 - o V-JEPA 2.1 Web-DINO
0.68 i~ ' —-0.10
T T T DiT-S DiT-B DiT-L
0.06 0.08 0.10
CEM Action Error [|] == SSIM —— VLASR

Figure 4. Scaling camera views (left) and DiT sizes (right).

remain important. Use robot demonstration datasets with
preferably multi-view trajectories and, when available, suc-
cess/failure labels to unlock diverse evaluations. Choose pre-
trained semantic encoders as the default latent state space,
since they preserve action geometry and task progress better
than reconstruction latents. Pair them with adapter com-
pression when decoded rollout quality or VLA-in-the-loop
evaluation matters. For transition model, a robust default for
high-dimensional semantic spaces is: a spatial-temporal
DiT with causal temporal blocks, a shallow-wide DDT head
[43], and a dimension-aware noise shifting [52]. The spatial
blocks stay non-causal since per-frame patches are denoised
jointly. For training, diffusion forcing [8] can be used for
autoregressive next-frame rollout. Finally, evaluate world
models on multiple axes covering both visual, latent, and
downstream task performance.

Related work. Robotic world models can be seen to
span three related objectives. One line treats world mod-
els as policy-evaluation environments: WorldGym [29] and

WorldEval [24] roll out policies in learned video models;
[40] studies how pretraining, data diversity, and failure
modes affect evaluation. A second line adapts pretrained
generators into interactive simulators: UniSim [45] learns in-
teractive real-world simulators from broad data; Vid2World
[18] causalizes video diffusion with action guidance; Ctrl-
World [ 14] studies multi-view, long-horizon, policy-in-the-
loop manipulation. A third line moves prediction and plan-
ning into semantic feature space: DINO-WM [53], DINO-
world [5], and V-JEPA 2-AC [3] show that pretrained repre-
sentations can support latent space forecasting and zero-shot
or few-shot planning. These works establish the utility of
both video generation and semantic representations, but do
not isolate the encoder-defined latent space within a unified
action-conditioned framework.

World model evaluation has moved beyond rollout plau-
sibility and policy ranking toward physics, semantics, and
embodied utility [23, 26]. RBench [21] measures task cor-
rectness and structural realism. WorldModelBench [22] high-
lights instruction-following and physics-adherence failures
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Figure 5. Adapter ablation results.

Key Empirical Takeaways

* Visual fidelity does not always imply downstream
performance. Reconstruction latents can match or
exceed semantic latents on pixel-level metrics, espe-
cially at larger DiT scale, yet lag on action recovery,
task-success probes, CEM planning, and policy-in-
the-loop evaluation.

* Semantic latents scale better with multiple views.
Under limited data, adding multiple views improves
planning but can hurt visual rollouts; semantic en-
coders retain the action recoverability benefit with
substantially less degradation than reconstruction la-
tents.

* Adapters trade control geometry for diffusion ease.
Adapters ease diffusion and decoding, but can distort
fine-grained action geometry compared with native
semantic features.

* World models in semantic spaces lower reconstruc-
tion and generation ceiling gap. Training decoders
with the same budget for semantic world models is
more effective.

* High-dimensional semantic latents are practical in
DiTs. With a fixed patch-token count, semantic width
adds little to the transition-model cost.

missed by generic video metrics. EWMBench [47] evaluates
scene consistency, motion correctness, and semantic align-
ment. World-in-World [48] prioritizes closed-loop task suc-
cess, WoW-World-Eval [12] adds inverse-dynamics-based
action plausibility, and WorldArena [34] exposes the gap

between perceptual quality and downstream functionality.
These benchmarks evaluate world models at system-level
while we seek to evaluate them at model-level.

Limitations and future work. Our study isolates the ef-
fect of encoder-defined latent spaces within a controlled
action-conditioned LDM protocol. The conclusions are
therefore scoped to the Bridge V2 manipulation setting and a
shared robot embodiment. Evaluating broader embodiments,
domains, and data regimes is an important next step. Our
policy-in-the-loop experiments also focus on evaluating a
fixed VLA policy inside generated rollouts, while policy
improvement and sim-to-real transfer would test a comple-
mentary use of the same world models. Lastly, our eval-
uation partially relies on VLM-based success judgments,
which may introduce evaluator bias. We reduce this depen-
dence by aggregating multiple VLMs and pairing them with
non-VLM diagnostics, including CEM planning, inverse dy-
namics, latent success classification, and visual/geometric
metrics.

Evaluation details. For CEM action recovery, we optimize
a diagonal Gaussian over the searched action coordinates,
use 400 candidate sequences and 5 update iterations per tran-
sition, and reuse one sampled rollout-noise tensor within
each transition so all candidates see the same stochastic ob-
jective. For VLA-in-the-loop scoring, each rollout is judged
from 16 sampled frames by InternVL 3.5 and Qwen 3.6, and
success is counted only when both raters agree.

6. Conclusion

Our study shows that the encoder-defined latent space is a
central design choice for action-conditioned latent diffusion
world models in robotics. Across visual, latent, planning,
and policy-in-the-loop evaluations, semantic representation
spaces such as that of V-JEPA 2.1, Web-DINO, and SigLIP 2
generally provide stronger action recoverability, task-success
classification accuracy, robustness, and downstream policy
performance than reconstruction-aligned VAE-style latents,
even when the latter remains competitive or superior on low-
level photometric metrics. These results support the view
that robotic world models should not be selected solely by
visual realism, but by whether their latent dynamics preserve
action-relevant structure and policy evaluation accuracy.
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