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Abstract World model-based policy evaluation is a practical proxy for testing real-world robot control by
rolling out candidate actions 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
suggests benefits from pretrained encoders with representation-aligned semantic latent spaces. We systemati-
cally evaluate these latent spaces for action-conditioned LDM by comparing six reconstruction and semantic
encoders to train world model variants under a fixed protocol on BridgeV?2 dataset, and show effective world
model training in high-dimensional representation spaces with and without dimension compression. We then
propose three axes to assess robotic world model performance: visual fidelity, planning and downstream
policy performance, and latent representation quality. Our results show visual fidelity alone is insufficient
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 gener-
ally 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 [20, 70, T0]. 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 [BX, T5].
Recent works show that such models can support policy evaluation with good correlation to real-world out-
comes [h2], and policy improvement [R?, 75, 57]. Yet current evaluations say little about which representation
makes a world model faithful to robotic dynamics.

This question is increasingly important because many video world models are latent diffusion models (LDMs)
[64, BR] that learn dynamics in an encoder-defined latent space. The standard choice is a reconstruction-
aligned autoencoder, such as a VAE [29] or recent variants [, [T, ], whose latents are optimized for pixel
fidelity and stable decoding. But robotic world models are more than video generators, where planning
and evaluations require predictions 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 modeling
[T, &1, 02, 23, 4, &7, 61]. These spaces expose object layout and task structure more directly than pixel-
trained autoencoders [53]. However, they are hard to use for diffusion due to their higher dimensionality
yielding off-manifold latent generation with poor object structures [[78]. RAE [[79] makes them more tractable
with a dimension-dependent noise-schedule shift and a wide DDT head [67], while S-VAE [[Z&] learns a
compact, KL-regularized latent space using an 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 [&{]
and V-JEPA 2-AC [@] 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 [3].
RAE-NWM [[76] shows that DINOv2 [EA1] spaces support diffusion-based navigation world modeling. Yet


https://hskalin.github.io/semantic-wm/
https://huggingface.co/Nilaksh404/semantic-wm
https://arxiv.org/abs/2605.06388v1

Reconstruction or Semantics? What Makes a Latent Space Useful for Robotic World Models

e~ —
| =~ . P
| | DiT latent diffusion
IE der f | adapter =
ncoaer | = &t =]
— | [ D —d | 8
, frozen I z g | X Blocks |— § — | decoder |—
I = S
o
I ! A E
(= I
e B ! dicred
history action ag.; + (optional) text predicte
® € { candidate latent representations }
SD3 VAE VA-VAE Cosmos CI encoder V-JEPA 2.1 ViT-L Web-DINO ViT-L SigLIP 2 ViT-L
native D = 16 native D = 32 native D = 16 native D = 1024 native D = 1024 native D = 1152
+ adp. d=96 + adp. d=96 + adp. d=96
VAE-like (frozen encoder, no adapter) Representation encoders (frozen + optional learned adapter)

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 fy4 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.

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?

We answer this with a controlled evaluation study that varies only the representation space in which the tran-
sition model operates (see Fig. ). For effective semantic space LDM training, we adapt RAE’s wide-head
and schedule-shift recipe [[/9] alongside the compact S-VAE adapter [[Z8], and train on the Bridge V2 dataset
[66] with the same DiT transition model [47] 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 improve action recoverability, task-success classification, CEM plan-
ning, and policy-in-the-loop success, while reconstruction latents mainly retain photometric advantages. Our
key contributions are three-fold:

1. Our primary contribution is the evaluation of representation 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 diffusion 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 partial observations. The offline dataset is D =
{(00.1, ao.:r—1, ¢, y)}, where oy € O is an RGB observation, a; € R% is a continuous robot action, £
is an optional language instruction, and y € {0, 1} denotes episode success. Tasks vary in object configu-
rations 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 fi-
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nite visual-action history of length H and model the action-conditioned predictive distribution over a rollout
horizon K: p(0s11:t4 K | Ot—H:ty Gt—H:t1K—1)-

2.1 Latent Space World Models

IDM-feature action subspace
Rather than predicting future frames directly in pixel space, latent world o6 VAE
models learn predictive dynamics in a representation space. Each model fzﬁ_j)oégs
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 obser-
vation to a spatial latent 2, = fy(0;) € RN*P, where N = h x w
is the number of patches and D is the encoder’s native channel dimen-
sion. The encoder is frozen, so f4 fixes the representation space in
which dynamics are learned. For high-dimensional semantic represen-
tation encoders, we optionally use a frozen adapter o, to obtain compact
diffusion-friendly latents %, = v (2;) € RV*? [IZ8]. For compressed VJEPA 2.1
reconstruction-aligned latent spaces, the adapter is the identity map.

| fm%,o

action axis 2

Transition model. An action-conditioned DiT [B2] predicts future la- R
tent trajectories: Ziy1.41x ~ Po(- | Zi—mit,@t—mtrKx—1). Only the LO/)
transition model is updated during world model training; the encoder,
adapter, and decoder remain fixed. For semantic encoders without
adapters, we add a lightweight wide DDT head [67], which adds few pa-
rameters but addresses the width bottleneck of DiT for high-dimensional
latent spaces [[[9]. Otherwise, variants share the same transition back- O episode start
bone and differ only in representation and decoding path. Table B (Appx. 5 cpisore end
B) shows that the DiT backbone with adapter does not incur an increase
in parameter count or GFLOPs. Compute parity is explained in Appx. B. Figure 2: Action trajectories
induced by encoder spaces:
Decoder. Predicted latents are mapped back to pixels as 0y11..4+ = €pisode rollouts projected onto
Dec(Z 1.0+ k). The decoder is needed for visual rollouts and pixel- the top-2 canonical-correlation
level evaluation, but decoded image quality alone does not determine directions between IDM features
world model quality: a model may render plausible frames while miss- and ground-truth actions. (p1, p2)

. . . are the leading canonical correla-
ing action-relevant dynamics, or preserve control-relevant structure de- . -

ite mi hot iri tions, 17 summarizes the aggregate
Spite mmnor photometric errors. action alignment. Colored curves

are episodes.

action axis 2

action axis 1

2.2 The Role of the Latent Space in Robotics

The encoder-defined latent space determines the state representation on which the transition model py learns
dynamics. In LDM, reconstruction-aligned latents z;"* = f7™*(0;) € RN*Prix are commonly used because
they preserve pixel-level information and provide reliable decoders [I3]. For robotic world models, how-
ever, 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 prob-
lem where useful latents should be action-controllable, task-informative, visually decodable, and useful for

planning or policy evaluation.

As an initial diagnostic, we use inverse dynamics model (IDM) to probe whether an encoder makes action-
relevant change explicit in latent space (see Appx. D4 for details). Figure D shows that different encoders
induce markedly different action-aligned trajectory geometries, 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 f
as the experimental variable, and evaluate its effect beyond visual fidelity and on axes spanning controllability,
task semantics, and policy performance.

We thus compare reconstruction-aligned latents with semantic latents from pretrained vision foundation mod-
els [&1, 3, 61], denoted as 2" = f§*"(o;) € RN*Dre» - Since Dy, is typically large, we evaluate both
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native features and compact adapter latents Z; = o« (2, ). We train one world model per candidate in

o ={f (1), ceey f(;m)} while fixing the data, history, action conditioning, optimizer, and transition backbone,

so that each model learns a different latent transition p§¢)(2t+1:t+ K | Zt—mt,0t—me+x—1). The decoder
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 fy, optional adapter o, 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 (see Appx. B).

Dataset. We train and evaluate on Bridge V2 [bf], a real-robot manipulation dataset with ~60K Wid-
owX 250 demonstrations 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 classification, we use SOAR [81] which contains roughly 30.5K success/failure class
episodes for WidowX 250 with a 1:2 class split.

Encoder variants. We compare two encoder families. reconstruction-aligned encoders f(‘;lx include: Stable
Diffusion 3 (SD3) VAE [I&] with D=16, VA-VAE [[Z1] with D=32, and Cosmos [I] with D=16; for these,
ay, = I. Semantics-aligned encoders ff;E" include: V-JEPA 2.1 [38] with D=1024, Web-DINO [[IR], adapted
from DINOvV2 [&1], with D=1024, and SigLIP 2 [6T] with D=1152. For semantic encoders, we evaluate
both native latents and compact latents from a pretrained S-VAE adapter [[Z8], which maps D—d with d=96.

Adapter, decoder, and transition model. The S-VAE adapter [[78] is pretrained to reconstruct frozen en-
coder features with a KL-regularized loss, and is paired with a lightweight pixel decoder. All transition
models are DiTs trained on Bridge V2 [bf] with flow matching [B5]. Each DiT layer factorizes attention
into a spatial block within each frame and a causal temporal block across frames. We sample every second
frame, condition on H=2 history frames, and predict 8 future frames. We do not make use of language
instruction conditioning while training the DiT. For all non-VAE encoders, we apply a dimension-dependent
noise-schedule shift [[6]. Atinference, models roll out autoregressively 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 (see Appx. B for details).

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. See Appx. O for details.

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 [80, 4]. Evaluating plan-
ning helps separate the latent world modeling performance from the pixel decoder performance, which vi-
sual metrics conflate together. Given a real k-step transition, we use the cross-entropy method (CEM) [49]
to recover the action sequence whose predicted latent best matches the target, and report CEM error at
single-step (k = 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 [28] 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) evaluations. We use two Vision-Language Models
(VLMs): InternVL 3.5 [68] and Qwen 3.6 [26], to judge the tasks’ success. We report consensus success
rate, Borda rank, and robustness under distractor-object and OOD-instruction perturbations. See Appx. O
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Figure 3: Latent space effect overview: each point is a DiT-S world model trained by varying only the en-
coder 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 objects and instructions. Details about all metrics are in Sec. B2 and Appx. 0.

for metrics definitions, Appx. & regarding fairness of VLM ratings, and Appx. -4 & CH for exact details
about OOD frame and OOD instruction generation, as well as details about tasks.

2. Pixel fidelity and scene geometry. Decoded rollouts must remain visually coherent to support visual
policies. We report image/video metrics: FID, SSIM, LPIPS, FVD, temporal LPIPS, and point-track
consistency, together with perceptual and geometric scores from WorldArena [51]. This family measures
generation and motion 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 structure. We train an inverse dynamics model
(IDM) [57] 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 trajec-
tories of SOAR [81], a language and success label annotated dataset of trajectories, 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 performance. Table 0 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 en-
coders 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 as shown in our analysis in Appx. D3.

Native semantic spaces preserve action geometry for planning. Representation aligned spaces have the
lowest action-recovery errors across all DiT backbone sizes (Table [, and Table [ in Appx O). For example,
at DiT-S V-JEPA 2.1 is best at k=4 and SigLIP 2 is best at k=1. Fig. Bd likewise shows semantic encoders
closer to the upper-right diagonal in the VLA-OOD plane, while VAE-family models fall lower and suffer
larger distractor-induced drops.
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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 (Appx. 0). Muted =+ terms
show one standard deviation error averaged over episodes.

\ VLA SR | Interaction quality | PCK | OOD robustness \ CEM error
Consensus  Borda 1Q Instr. PCK 1D OOD SR OOD SR
Encoder SR rank | score follow coverage SR distractor instruction k=1 k=4
I { I T T T I T { {
VAE 0.169 25 3.26 3.48 0.719 0.375 0.287 0.200 0.111 0.612
« VA-VAE 0.175 23 322 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 6 343 3.78 0.735 0.600 0.575 0.400 0.084 0.424
o V-JEPA 2.195 | 0.362 8 3.52 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 3.44 3.77 0.732 0.600 0.512 0.275 0.090 0.531
SigLIP 2 0.325 9 3.43 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

Scaling narrows policy gaps but not action-centric gaps. Appx. Table [ shows that 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 (Table [3 and [4).

4.2 Does the latent space affect action recoverability and preservation of task semantics?

Semantic latents make action-relevant changes T,ple 2: IDM Pearson (horizons k € {1,4})

more recoverable. Table O shows that semantic  and Success classifier for DiT-S, reported on encoder
encoders retain substantially more action informa- (Enc.) and world model (WM) latents.

tion than reconstruction-aligned ones. On encoder

latents, V-JEPA 2.1 and Web-DINO achieve the ‘ Pearson r | Classifier Acc.
strongest IDM Pearson r across both horizons, and ~ Encoder |  Enct | WMl | Whole-video
this advantage largely persists after world model | k=1 k=4 | k=1 k=4 | Enct WM
(WM) generation. The trends also hold with DiT VAE 0507 0.478 | 0.476 0.464 | 0.835 0.716
li Tables 3 and 2 in A 032 « VA-VAE 0.549 0.744 | 0.545 0.719 | 0.868 0.744
scaling (Tables I3 an in Appx. D). Cosmos 0.626 0.673 | 0.581 0.651 | 0.851 0.723
«V-JEPA 2.1 | 0.829 0.865 | 0.781 0.840 | 0.905 0.789

Semantic latents better preserve task-success in- - Web-DINO | 0.820  0.845 | 0729 0.794 | 0.906  0.788
SigLIP2 | 0772 0.793 | 0.697 0.757 | 0.903 0.823

formation. From Table D, 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 semantic spaces not only
encode local action effects, but also retain higher-level task progress signals useful for policy evaluation.

4.3 How does the latent space affect visual fidelity?

Encoder - WM Gap Semantic latent spaces remain visually competitive. Table B shows
© that the policy gains from semantic encoders do not come at the cost of
§ 0.3 —_ decoded visual quality. At DiT-S scale, these encoders dominate most
< o2 / perceptual, structural, and video-level metrics, particularly when used
@ o with adapters dgg: SigLIP 294 gives the best SSIM, V-JEPA 2.1¢4 gives
s 014 /7 wi'’ the best FVD, and Web-DINO variants are strongest on JEPA similarity,
2 0o — ?3%% 2| subject consistency, depth error, and temporal LPIPS.

0 10 20 30 40 VAE-style spaces remain competitive on image quality, and qualitatively

Rollout step tend to preserve sharper local appearance details, but they lag behind

Figure 4: SSIM gap over steps.
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semantic spaces on global structure and temporal generation quality. Figures B and B (Appx. D) show
semantic space models have lower gap for pixel reconstruction, particularly while extrapolating beyond the
10-frame horizon length seen during training.

Large DiTs help recover much of the visual advantage of reconstruction latents. Increasing transi-
tion model capacity benefits reconstruction latents the most. For DiT-L, VAE becomes highly competitive,
achieving the best FID, image quality, aesthetic quality, JEPA similarity, depth error, dynamic degree, and
FVD, while also ranking second on LPIPS and flow score. Here, semantic encoders still remain strong: V-
JEPA 2.1¢¢ gives the best SSIM and LPIPS, and SigLIP 294 remains competitive on structure and temporal
metrics, but their gains from scaling are less uniform. Overall, visual fidelity alone does not explain the
downstream policy advantages observed in Sec. B

4.4 Does scaling along input views and model size help?

DIT-S: single-view — multi-view Multi-view training improves action

"1 o Singloview 074 PPL Dbt n recovery but can hurt video qual-

Multi- -0.30 . . .

b O e lr/’ - ity under limited data. We take
_ ~072 -025%  the trained DiT-S models and finetune
= C g .

a =071 ¢ them for 20 epochs on the BridgeV2
> a 0.20 ; . .

B 0.70 & episodes that contain three camera

we o153 views. Fig. B (left) shows that while

of O I oo = weono - this does lead to superior CEM action

0.06 0.08 0.10 DITS DITB DITL prediction, it also degrades generation

CEM Action Error [}] -7 SSIM — VIASR 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 recon-
struction latents: in Fig. B (right), we see that both generation (SSIM) and policy performance (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.

Figure 5: Scaling camera views (left) and DiT sizes (right).

4.5 Do reconstruction-aligned and semantic encoders fail differently?

. . . . DiT-S: encoder space vs 96-dim adapter
The main failure modes differ: reconstruction latents hal- encoder space 7 adapter (96)

lucinate task semantics, while semantic latents miss geom- 7.0+ VD VIA-SR T
etry and contact. Our qualitative rollouts in Appx. fig. 3 | .
show that all encoder families share a common failure mode 0.300
where static scene elements are faithfully preserved while — *°7 0275
manipulation-relevant details hallucinate. Beyond this univer- ;s 02507
sal pattern, encoder families show distinct hallucinations. Re-

construction encoders tend to fail at the object-semantic level:

VAE and Cosmos hallucinate the white basket and green towel  oos A
respectively in Fig. @ producing coherent looking but task- g
incorrect states, and under OOD instructions (Appx. Fig. [7), .. | 0725
both maintain the prior action pattern rather than updating to 0720

the new goal. Semantic encoders preserve task-level intent at o 0715
the cost of geometric precision (e.g., VIEPA2.1 under-opens "7 IS S oA WG Smp
the drawer in Appx. Fig. [3). We find the latter to better cap-

ture semantic distinctions even under instruction shift (e.g., the Figure 6: Adapter ablation results.

fold-unfold task in Appx. Fig. [3).

0.350 -

0.225

CEM L2 | 0740 SSIM 1

0.735

0.730

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

Adapters improve diffusion ease but can distort control geometry. Fig. B, Table [, and Table B show
that the compressed space dgg of adapters helps the latent diffusion model, as also observed by Zhang et al.
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[[Z8] and Bai et al. [8]. This leads to generally stronger performance than the native 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 action information is needed.

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 receives the same number of tokens per frame N =256, hence larger channel dimensions only affect
the input/output projections (see Appx. B2 for discussion). The main compute differences instead come
from the frozen encoder and decoder architectures. In particular, ViT-based semantic encoders paired with the
adapter pixel decoder remain competitive in total GFLOPs, while native high-dimensional semantic spaces
require only a lightweight wide DDT head [67]. We report parameter counts and GFLOPs split by encoder,
adapter, DiT, and decoder in Appx. Table H.

Key Empirical Takeaways

* Visual fidelity does not always imply downstream performance. Reconstruction latents can match
or exceed semantic latents on pixel-level metrics, especially 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
encoders retain the action recoverability benefit with substantially less degradation than reconstruction
latents.

* 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 reconstruction and generation ceiling gap. Training de-
coders 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.

5 A Recipe for Semantic Latent Diffusion Robotics World Modeling

Our findings suggest a practical recipe for building 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 remain important. Use robot demonstration datasets
with preferably multi-view trajectories and, when available, success/failure labels to unlock diverse
evaluations. Choose pretrained semantic encoders as the default latent state space, since they preserve
action geometry and task progress better than reconstruction latents. Pair them with adapter compres-
sion 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 [67], and a dimension-aware noise shifting [[/9]. The spatial blocks stay non-
causal since per-frame patches are denoised jointly. For training, diffusion forcing [I] can be used for
autoregressive next-frame rollout. Finally, evaluate world models on multiple axes covering both visual,
latent, and downstream task performance.

6 Related work

Robotic world models can be seen to span three related objectives. One line treats world models as policy-
evaluation environments: WorldGym [24] and WorldEval [34] roll out policies in learned video models; [62]
studies how pretraining, data diversity, and failure modes affect evaluation. A second line adapts pretrained
generators into interactive simulators: UniSim [[70] learns interactive real-world simulators from broad data;



Reconstruction or Semantics? What Makes a Latent Space Useful for Robotic World Models

Table 3: Visual realism quality for DiT-S and L. Best and runner-up within each size group.

| Visual quality | Content consistency | Motion quality
Image  Aesthetic JEPA | Subject  Depth Dyn.  Flow
Encoder SSIMt  LPIPS| FID] quality? qualityT sim.T | consist.T AbsRel| | degreet scoret FVDJ t-LPIPS]
DiT-S
- VAE 0.688 0218 17428  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 0.245 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  5.459 0.0197
o V-JEPA 2196 | 0.729 0.179 6.302 0.579 0.474 0.928 0.841 0.363 0.843 1.653  5.224 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-DINOgs | 0.728 0.181 5.998 0.574 0.473 0.944 0.841 0.375 0.835 1.634  5.510 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 296 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-L
« VAE 0.729 0.168 5.351 0.598 0.475 0.980 0.827 0.281 0.844 1.635  3.495 0.0202

Cosmos 0.657 0.186 9.234 0.578 0.469 0.760 0.817 0.465 0.843 1.650  6.536 0.0199
« V-JEPA 2.1 0.741 0.172 6.944 0.578 0.474 0.926 0.844 0.330 0.832 1.573 5371 0.0195
o V-JEPA 2.1 | 0.743 0.165 6.186 0.581 0.474 0.929 0.842 0.346 0.831 1558  5.223 0.0201

Web-DINO 0.729 0.192 6.918 0.573 0.472 0.945 0.847 0.343 0.823 1557  6.014 0.0219
Web-DINOgs | 0.741 0.189 14259  0.578 0.466 0.709 0.852 0.352 0.833 1.568 13.107  0.0189
» SigLIP 2 0.730 0.188 7.574 0.569 0.472 0.937 0.845 0.344 0.822 1562  6.688 0.0207
» SigLIP 296 0.743 0.171 6.740 0.573 0.472 0.937 0.844 0.326 0.830 1.580  5.780 0.0193

"Pick up blue
towel from
the grey
thing and
place it to
the right of S
the white
basket”

Figure 7: Open-VLA success rate comparison on two random episodes: four frames are sampled at even
intervals. v and X show trajectories marked as success and failure by InternVL 3.5 VLM.

Vid2World [?5] causalizes video diffusion with action guidance; Ctrl-World [IY] studies multi-view, long-
horizon, policy-in-the-loop manipulation. A third line moves prediction and planning into semantic feature
space: DINO-WM [80], DINO-world [B], and V-JEPA 2-AC [4] show that pretrained representations 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 plausibility and policy ranking toward physics, seman-
tics, and embodied utility [33, 38]. RBench [31] measures task correctness and structural realism. WorldMod-
elBench [37] highlights instruction-following and physics-adherence failures missed by generic video met-
rics. EWMBench [[73] evaluates scene consistency, motion correctness, and semantic alignment. World-in-
World [[74] prioritizes closed-loop task success, WoW-World-Eval [I'7] adds inverse-dynamics-based action
plausibility, and WorldArena [51] 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. See
Appx. BT for a review of LDM.

7 Future Work and Limitations

Our study isolates the effect 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



Reconstruction or Semantics? What Makes a Latent Space Useful for Robotic World Models

policy improvement and sim-to-real transfer would test a complementary use of the same world models.
Lastly, our evaluation partially relies on VLM-based success judgments, which may introduce evaluator bias.
We reduce this dependence by aggregating multiple VLMs and pairing them with non-VLM diagnostics,
including CEM planning, inverse dynamics, latent success classification, and visual/geometric metrics.

8 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, seman-
tic 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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A  Frequently Asked Questions (FAQs)

1. What are the parameter counts and GFLOPs of the full diffusion pipelines for each of the encoder
families? How is the parameter/compute parity ensured with adapters and wide heads?
We show in Table B in Appx. B the summary of the parameter counts and compute required for inference
of all semantic spaces, with and without adapters.
Parameter and compute parity are ensured by keeping the same DiT backbone across all rows and giving
every model the same 256 tokens per frame. For adapter-based semantic encoders, the S-VAE adapter
compresses high-dimensional features to 96 channels, making the DiT almost identical to the VAE-latent
case. For native semantic latents, only the shallow input/output projection or wide head changes, so the
extra parameters do not increase DiT depth and add little compute. Thus, the comparison is not driven by
a larger diffusion model, it isolates the effect of using richer semantic representation spaces, which remain
competitive in compute while providing stronger task-relevant structure.

2. How sensitive are the policy-in-the-loop results to the choice of VLM judges? Are inter-judge agree-
ments available?

The policy-in-the-loop results do show sensitivity to the VLM judge, particularly on harder tasks: agree-
ment is high on simple Level 1 tasks, while Level 2—4 tasks involve finer spatial, contact, deformable-
object, and stacking judgments that naturally induce more judge variation; see Table [Tl for detailed results.
We therefore rate trajectories with three VLMs and select the two most correlated judges, InternVL3.5-
14B and Qwen3.6-27B, based on inter-judge Cohen’s « agreement (Fig. B). To further reduce single-judge
dependence, Table [ reports both consensus success rates with variance and Borda ranks, which are less
sensitive to absolute score calibration. Finally, our conclusions do not rely only on VLM ratings: we also
report task-instruction-conditioned success-classifier metrics on generated latents in Table I, providing an
independent task-conditioned signal that supports the same trends.

3. Why was CEM chosen for latent space planning instead of gradient based planners or differentiable
MPC?
We use CEM because latent-space planning involves non-convex objectives and noisy gradients. As
a derivative-free optimizer, CEM is robust to black-box dynamics and compounding errors [A9]. Its
stochastic search avoids local minima better than gradient-based or differentiable Model Predictive Con-
trol (MPC), motivating its use in PlaNet [ZT] and CEM-MPC [£3]. While gradient planners are faster, they
are sensitive to model inaccuracies and gradient instability [U]. Consequently, CEM provides a conserva-
tive, reliable baseline for evaluating world-model quality.

4. Is there evaluation on another manipulation dataset or embodiment (e.g., ALOHA, Franka) to test
generalization? What are the expected transfer and potential pitfalls?
Evaluation on additional embodiments is an important direction but outside the scope of this study,
whose controlled comparison is centered on BridgeV2; we did, however, use SOAR data for training
the success classifier. We expect the main conclusion, that semantic latents are more policy-relevant than
purely reconstruction-aligned latents, to transfer most directly when object-centric semantics and action-
conditioned contact dynamics remain comparable. Cross-embodiment evaluation on ALOHA-style bi-
manual manipulation, Franka setups, or broader simulators such as RoboCasa [3Y, 4(] would introduce
new challenges: different camera viewpoints, action spaces, gripper morphology, control frequencies,
embodiment-specific failure modes, and sim-to-real gaps. These factors may require embodiment-specific
action tokenization, calibration, or classifier re-training, making such benchmarks an excellent test of
whether semantic latent world models generalize beyond a single robot-data distribution. We also men-
tion this as a potential future work avenue in Section [1.

5. What is the benefit of diffusion models over non-diffusion world models that use semantic features
for manipulation like DINO-WM and V-JEPA 2 AC?

DINO-WM and V-JEPA 2-AC provide compelling evidence that pretrained semantic features are useful
for robotic prediction and planning, and we view them as complementary to our study rather than direct
competitors. Our central research question is specifically how the choice of latent space affects diffusion-
based action-conditioned world modeling, so comparing against non-diffusion architectures would con-
flate representation choice with model-family differences. Diffusion models are also a natural testbed for
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this question because they model a distribution over future sequences and can denoise an entire prediction
horizon jointly, which may better capture multimodal futures and reduce the compounding errors asso-
ciated with purely autoregressive one-step regression rollouts, although this is a mitigation rather than a
guarantee. Thus, our experiments are intentionally scoped to isolate the effect of semantic versus recon-
struction latents within a fixed LDM framework; broader comparisons to non-diffusion semantic world
models are important future work.

6. How were the learning rates and other hyperparameters chosen for different encoder latent spaces?

We used the same optimizer and learning-rate recipe for all world models, rather than tuning separately for
each latent space. Specifically, all DiTs were trained with AdamW, learning rate 10~4, betas (0.9,0.99),
weight decay 2 x 1073, gradient clipping, EMA, linear warmup, and cosine decay. Our goal is to isolate
the effect of the encoder-defined latent space, and per-encoder hyperparameter tuning would confound
the comparison by giving different latent spaces different optimization budgets. For each model-size
group, runs were trained under the same schedule and until losses had plateaued. Since each DiT-S run
costs roughly 6-7 hours on 4 H100s, each DiT-L run about 34 hours, and adapter/pixel-decoder training
about 55 hours, exhaustive sweeps over learning rate, weight decay, warmup, batch size, EMA, and noise
schedule for every encoder would be prohibitively expensive. We therefore use a fixed standard recipe and
report all models under the same optimization protocol.

B Architecture and Training Details

Table 4: Architecture size and compute. Adapter-based semantic encoders are marked with g5 and use the
S-VAE adapter with d=96. Native semantic rows do not use adapter in the DiT and use a shallow-wide DDT
head. All DiT parameter counts are for DiT-L. Note that the extra DiT parameters are due to the shallow-wide
head, which does not contribute much to the depth of the DiT. For DiTs using high-dimensional latents of
V-JEPA 2.1, Web-DINO, and SigLIP, decoding uses the adapter’s pixel decoder as the surrogate.

| | | Params (M) | GFLOPs/frame
Encoder | DiT latent | Adapter | Enc. Adapt.  DiT  Dec. | Enc. Adapt. DiT Dec.  Total
SD-VAE 16 - 34.3 - 910.1 49.5 | 270.8 - 3165 6202 1207.5
Cosmos-CI16x16 16 - 335 - 910.0 48.0 47.6 - 3165 101.7 465.9
» VA-VAE 32 - 28.4 - 910.0 414 | 1379 - 3165 2522 706.6
o V-JEPA 2.19¢ 96 S-VAE | 304.7 38.1 910.1 177.0 | 154.7 10.6 3165 4283 910.1
« V-JEPA 2.1 1024 - 304.7 - 9215 177.0 | 1547 - 3187 4283 901.7
‘Web-DINOgg 96 S-VAE | 303.7 38.1 910.1 177.0 | 155.8 10.6 316.5 428.3 911.2
Web-DINO 1024 - 303.7 - 9215 177.0 | 1558 - 3187 4283 902.8
SigLIP 296 96 S-VAE | 427.7 464 910.1 177.0 | 211.9 12.8 3165 4283 969.5
SigLIP 2 1152 - 427.7 - 9219 1770 | 211.9 — 318.8 4283 959.0

B.1 Latent Diffusion Modeling (LDM)

LDM learns to denoise in compact reconstruction-aligned autoencoder spaces such as that of VAEs [29].
Recent VAE variants include: Stable Diffusion 3 [I6] adapting autoencoding to rectified flow models, VA-
VAE [[71] aligning autoencoders with vision foundation models, and Cosmos [1] providing tokenizers across
flexible compression regimes. In parallel, semantic-aligned encoders (DINOv2 [&1], SigLIP [61], Qwen-
VL [, B], V-JEPA 2.1 [38]) provide structured visual features, but their high dimensionality can make gen-
erative modeling unstable [54, [77]. Representation autoencoders (RAEs) address this by pairing frozen pre-
trained encoders with learned decoders [[7Y, bll], enabling semantic latent spaces that support both visual un-
derstanding and generation [89]. However, high-dimensional RAE features can still suffer from off-manifold
sampling and weak fine-geometry reconstruction [[&], suggesting that RAEs do not simply replace VAEs but
instead expose a tradeoff between pixel faithfulness and semantic abstraction [[Z6]. For robotics, this tradeoff
implies that the best latent space is not necessarily the one that reconstructs frames most faithfully, but the
one that preserves action-relevant dynamics for prediction, planning, and policy evaluation.
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B.2 Action-Conditioned Diffusion Model

The world model is trained in the latent space of a frozen visual encoder. Let og.—1 be a video clip, ap.7—1
the corresponding action sequence, and fy the frozen encoder. We first form latents

20.7—1 = fe(00:r-1), z € RNXD, (D

where N = h x w is the number of spatial tokens and D is the native encoder channel dimension. In the
code tensors are stored as h x w X D, but the notation below flattens space to IV tokens. For adapter-based
semantic encoders, z; is further compressed by the adapter ., before being passed to the diffusion model,

Z=ay(z),  ZeRV¥  d=096. )

The adapter and encoder are frozen during world model training; only the DiT parameters are optimized.

Table 5: DiT size presets. The hidden size, depth and the number of heads for each DiT size.
Preset | Hidden Sized Depth Heads Head Dimd/h

« DIiT-S 384 12 6 64
« DiT-B 768 12 12 64
« DIT-L 1024 24 16 64

All DiT runs in Table B use a DiT-L backbone with 24 layers, hidden size 1024, 16 attention heads, and T'=10
frames. The context length is H=2, so the model conditions on Zy.z7—1 and predicts the future block Zz.7—1
under actions ag.r—1 and optional language ¢. The VAE latent has shape 32x32x16 and is patchified with
DiT patch size p=2, while all semantic, Cosmos, and VA-VAE latents use a 16x16 token grid with p=1.
Thus every row gives the DiT the same number of tokens per frame:

N = (h/p)(w/p) =16 - 16 = 256. 3)

This is the main reason high-dimensional semantic latents do not substantially increase DiT compute:
the transformer blocks operate on the same token count and hidden width, and the latent channel dimension
only appears in the input patch projection and output prediction layer.

Shallow-wide DDT head. For high-dimensional representation latents, we also use a lightweight shallow-
wide DDT head [67]. The DiT backbone remains unchanged. The shallow-wide head uses a 2048-
dimensional readout width and keeps a minimal spatial refinement stage before the final patch prediction
layer. This adds local spatial processing capacity at the output while leaving the main DiT backbone un-
changed. As a result, the shallow head can improve the mapping from backbone features to high-dimensional
representation with minimal increase in parameters.

World model training hyperparameters. All world models are trained on Bridge V2 clips resized to
256 %256, with T=10 frames, H=2 history frames, frame skip 2, and 7-dimensional actions. Unless other-
wise stated, the reported single-view runs use distributed data-parallel training on 4 H100 GPUs, per-GPU
batch size 16 for DiT-S and 5 for DiT-L, bfloat16 autocast, and torch. compile [J]. The optimizer is AdamW
[36] with learning rate (LR) of 10, betas (0.9, 0.99), weight decay 2x 1073, e=10~%, and gradient clipping
at global norm 1.0. We maintain an EMA copy of the DiT weights with decay 0.9995. The LR schedule is
a linear warmup followed by cosine decay to 0.7 of the base LR. All runs use 3 LR warmup epochs and 100
total epochs.

Flow matching. The model is trained with the optimal-transport flow-matching objective [33]. For future
frames i € {H,...,T — 1}, we sample 7; ~ p(7), draw € ~ N (0, I), and linearly interpolate between data
and noise:

27-77_’2' = (1772')21‘4*7'1'61'. (4)
The DiT predicts the velocity field vg(Z,, T, ao.r—1, £), and the target velocity is

= ¢ — 5. 5)
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With clean history context, the training loss is
T—1
Lov =Ezer | Y vo(Zris 7, a0r—1,) — (e — Z)|5 | - (6)
i=H
We only apply this loss to future frames. History frames are used as conditioning context with no diffusion
noise (7 = 0). During training, they however receive small Gaussian augmentation,

zct
sctx _ 2 T ORN

Z - T T/
W= " Tt o2

which prevents the model from overfitting to perfectly clean context latents.

n~N(0,I), (7

Dimension-dependent noise schedule shift. For non-VAE latents, the timestep distribution is shifted as a
function of the latent dimensionality seen by the DiT. Following Esser et al. [[6] and Zheng et al. [[79], we
use the shift:
2
@56/ "
4096 1+ (-7

Here d is the DiT input channel count after any adapter. This makes the noise level depend on the latent
representation size rather than only on image resolution.

Inference and causal attention. All our world models carry out autoregressive inference in latent space.
Given encoded history Zg.z—1, the sampler appends a Gaussian latent for the next frame and integrates the
learned velocity field backward from 7=1 to 7=0 with 10 Euler steps [33, Tf]:

27_7+1,t = éfj,t - (Tj - Tj+1)v9 (27'_7',0:ta Tj, Q0:t, g)t (9)
The generated frame is then appended to the context and the process repeats for the desired horizon. Our

temporal attention blocks are causal where each spatial token attends only to its own past states, following
the causal video-transformer design used by VDT [37].

B.3 Adapter

High-dimensional semantic encoders produce per-patch features z € RY %P that are prohibitively expensive
for the diffusion model to operate on directly. We pair them with an S-VAE adapter [[78] that compresses z
to a compact latent Z € RV*? (d < D). The adapter a,; comprises a Transformer encoder g;;*, a per-token

diagonal-Gaussian bottleneck, and a Transformer decoder gﬁf“:

h =gy (2), (10)
(,logo?) = W, »2 h, (11)
Z=p+00E¢, E~N(0,1), (12)
£ =gy (). (13)

Both g™ and ggec consist of 3 Transformer blocks at dimension D, each followed by LayerNorm. The
encoder appends a linear head D — 2d and the decoder prepends a linear head d — D. We default to using
12 attention heads and FFN width of 3072.

The adapter training loss is:
Ladapter = ‘CMSE(Zv 2) + )\cos[:cos(z7 2) + AspecﬁFFT(Zv 2) +

semantic reconstruction (14)
AkL Dkri(qy (2 | 2) [|N(0, 1)) + Apix Lpix (0, 0),

where 6 = Dec(Z2) is the pixel-decoder reconstruction. Lyisg and L.os = 1—cos(z, £) jointly enforce feature-
space fidelity: MSE penalises magnitude errors while the cosine term preserves directional (semantic) struc-
ture. Dy, regularizes the approximate posterior g, (Z | z) = N (p,o*I) toward a standard Gaussian prior.
Lrpr is an ¢1 loss on 1-D FFT magnitudes along the spatial-token axis, penalizing loss of high-frequency
structure through the bottleneck. Lpix = Lymse(0,0) + ALpips£rpips + Agsmv (1 — MS-SSIM) grounds the
compact latent in pixel space. Following Zhang et al. [Z8], we use Aspec=0.01, Arprps=Assiv=0.5. During
DiT training, v, is frozen and applied deterministically (2 = u) as a fixed projection into the compact latent
space.
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Table 6: Training wall-clock and compute resources. Times are measured wall-clock durations for the
reported Bridge V2 training runs on 4 H100 GPUs and exclude one-time dataset staging operation. Note that
all latent spaces roughly take the same training time due to the fixed number of token count

Training run Model size Epochs  GPUs  Per-GPU batch  Precision =~ Wall-clock
Adapter + pixel decoder S-VAE + CNN decoder 200 4xH100 16 bf16 ~55h
World model DiT-S 100 4xHI100 16 bf16 6-7h
World model DiT-L 80 4xH100 5 bf16 ~34h

Adapter training hyperparameters. The encoder is frozen throughout adapter training. It is trained for
200 total epochs on Bridge V2, per-GPU batch size 16 for single-view training, and bfloat16 autocast. The
optimizer is AdamW with betas (0.9,0.99) and weight decay 10~*. The base adapter learning rate is 10~*
for the single-view run; the pixel decoder uses a 3 learning-rate multiplier when trained jointly. Multi-
view adapter fine-tuning uses learning rate 5x107° and lower per-GPU batch sizes because each sample
contains three camera views. The KL coefficient is linearly warmed up for the first 20% of optimizer steps
to Ak, =10"%, while \.os=1 and Apix=1. LPIPS, when enabled, is evaluated in float32 after a 50k-sample
perceptual warmup. Gradients for both the adapter and pixel decoder are clipped to norm 1.0.

B.4 Pixel Decoder

The semantic encoders use the adapter pixel decoder for reconstruction. The pixel decoder maps compact
latents 7 € RY>*% to RGB observations:

6 = Dec(2) = DP™(%). (15)

Architecturally, it is an LDM-style convolutional decoder with two residual blocks per level, and a 4-head
self-attention block at 16x16 resolution. For the S-VAE setup, the pixel decoder is trained on detached
adapter latents with the pixel loss L,ix. As such, the pixel loss does not backpropagate into the adapter. The
pixel reconstruction loss used in adapter training is

Lpix = llo — 0”% + AvprpsLLpips (6, 0) + Assiv (1 — MS-SSIM(6, 0)) . (16)

In the S-VAE stage, the pixel decoder is trained on detached adapter latents, so pixel loss does not backpropa-
gate into the adapter. The reported experiments use this S-VAE path rather than the older PS-VAE mode. For
native semantic DiTs without an adapter in the diffusion model, visualization still uses the same surrogate
path: native latent — adapter encoder — pixel decoder.

B.5 Encoder-specific overhead

Table @ summarizes parameter counts and compute. We split the parameter counts by frozen encoder, adapter,
DiT, and decoder. GFLOPs are reported per frame for a single 256 X256 frame by counting multiply-add as
two separate floating-point operations. The total compute column adds encoder, adapter projection when
used, one DiT velocity evaluation, and the decoder used for visualization/reconstruction. The differences in
total GFLOPs in Table B are therefore mostly due to the frozen encoder and decoder, and not the DiT back-
bone itself. The DiT sees the same N=256 tokens per frame across all models, so increasing the semantic
latent channel dimension mainly changes the input/output projections. In contrast, the encoders use different
network families: VAE and VA-VAE are convolutional autoencoders operating over high-resolution feature
maps, V-JEPA 2.1 and Web-DINO are ViT-style patch encoders [T4], and SigLIP 2 is a larger, higher-capacity
ViT-style vision model. Decoder compute also differs substantially: VAE uses its native convolutional de-
coder, VA-VAE uses a lighter convolutional decoder, and the semantic encoders use the adapter pixel decoder
from a compact 16x 16 latent grid. Thus the native 1024-1152D semantic rows have nearly the same DiT
GFLOPs as their adapter-based dyg counterparts.

Table B reports the measured training time and GPU configuration for the adapter/pixel-decoder stage and the
DiT scaling runs.
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B.6 Inverse Dynamics Model (IDM)

The Inverse Dynamics Model (IDM) [57] is a patch-token Transformer trained to predict an action chunk
Q:t4k—1 € RF*da from a window of k + 1 consecutive encoder latents (2t, Zt41, - - -, 2t+k)» Where each
2z = fo(or) € RN *D s the spatial patch grid produced by the frozen encoder fo directly, i.e., no adapter a.;
is applied, so the IDM always operates in the native encoder channel space of dimension D. Each frame’s
N = hxw patch tokens are projected by a shared linear layer into a model-width embedding, augmented with
factored temporal and spatial positional embeddings, and then flattened into a joint sequence of (k + 1) - N
tokens. A set of k learned per-step class token (CLS) readout queries is prepended to this sequence; all
tokens attend jointly through L pre-norm Transformer blocks with scaled dot-product self-attention [b5], and
the final-layer representations of the £ CLS positions are decoded by a two-layer MLP head to the predicted
action chunk ay.44r—1. Following Tian et al. [§7], we train each encoder-specific IDM on real encoded
trajectories from Bridge V2 with Smooth-L1 loss.

The IDM serves as a probe of action recoverability for each encoder space fy € ®. After training, it is
evaluated at horizons k£ € {1,4} using Pearson r between the predicted action chunk ;.. 1 and the
ground-truth a;, ko1 averaged over the d, continuous action dimensions. Critically, the same frozen IDM
head is then applied without retraining to world model-generated latent pairs (2, Z;+) from DiT rollouts
of the same episodes. The Pearson r of the real-WM gap thus measures generation-induced erasure of the
action-discriminative geometry in the latent space, a form of degradation invisible to pixel-level metrics such
as SSIM or LPIPS.

B.7 VLA success classifier probe

The success classifier probe sg is a spatio-temporal Transformer trained on full latent trajectories zo.7 from
the SOAR dataset [R1] to classify episode success y € {0, 1} given the language instruction ¢. Each trajec-
tory’s spatial latent grid is first downsampled to a 4 x4 super-patch grid via adaptive average pooling, yielding
P=16 spatial tokens per frame, and linearly projected to a shared model width of 384. Factored temporal and
spatial positional embeddings are added in place, producing a token tensor of shape (7' x P); a learned CLS
token is then prepended. Each of the six blocks of the success probe applies three sequential sub-operations
with pre-norm and residual connections: a) spatial self-attention within each frame independently over the P
patch tokens, b) temporal self-attention across the T' frames independently per patch position, and c) cross-
attention from all video tokens to the frozen SigLIP 2 token sequence encoding /¢, followed by a SwiGLU
FFN. After the final RMSNorm, the mean of the 7" x P patch token representations is passed through a linear
head to produce a binary logit .

The probe is trained with binary cross-entropy on SOAR episodes, with the encoder f4, adapter a,, and
SigLIP 2 text encoder all frozen; only the parameters of s4 are updated. Instruction-mismatch negatives
(episodes paired with a language instruction drawn from a different task family) are mixed in to force the
above cross-attention mechanism to genuinely ground success in the video content rather than ignoring /.
Checkpoints are selected by balanced accuracy with ROC-AUC as the tie-breaker, accounting for SOAR’s
1:2 success-to-failure class imbalance. At evaluation, the same frozen sy is applied without retraining to
world model-generated latent trajectories Zy.r from DiT rollouts of the same SOAR episodes. The drop
in balanced accuracy from Enc. Acc to WM Acc measures the semantic drift, i.e., the degree to which the
transition model py degrades task-outcome separability in latent space over the full rollout horizon, a signal
invisible to per-step action metrics.

C Evaluation metrics

C.1 Planning and downstream policy performance

We evaluate planning and policy performance through three complementary sub-protocols: CEM-based latent
controllability, VLA-in-the-loop closed-loop success, and robustness under distribution shift. Throughout,
a; € R is the action vector with seven degrees of freedom, aj,,, , is the ground-truth k-step action
sequence, and Z; is the compact latent on which the DiT pgy operates.
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A) CEM action controllability. We evaluate whether a trained world model preserves action information
by asking whether actions can be recovered from its latent dynamics. Given a held-out transition window
with two real context latents, (Z;, Z;41), ground-truth action sequence a; ., ,, and target future latents
2;‘+2:t+k+1, we solve

plan 2

. 1 . 1)/~  ~ ~%
ay V4, = argmin — Z Hpéj)(zt,thrhatJrl:tJrk) — zt+1+j“ a7
=1

At+1:t+k 2

Here pgj ) denotes the jth autoregressive latent prediction from the world model. We report results for & €
{1,4} using 100 held-out windows per model.

The optimization in Eq. () uses the cross-entropy method (CEM) [49]. For each transition window, CEM
maintains a diagonal Gaussian over the optimized action coordinates for all k steps. In the reported runs, we
use a population of 400 candidate action sequences, 5 CEM iterations, and 50 elites per iteration, i.e. an elite
fraction of 0.125. The sampling distribution is initialized with mean a; ,, , , on the searched coordinates and
standard deviation equal to one quarter of the action range for each searched coordinate. After each iteration,
the Gaussian mean and standard deviation are set to the empirical mean and standard deviation of the elite
set.

Each CEM candidate is evaluated with one latent rollout sample. The diffusion sampler uses the same infer-
ence setting as evaluation, with 10 flow-matching Euler steps per predicted latent frame. To make the CEM
objective deterministic for a given transition, we sample one Gaussian rollout-noise tensor per transition win-
dow and reuse it for all candidates and all CEM iterations. Thus the world-model rollout is stochastic across
evaluation windows through the sampled diffusion noise, but the optimizer sees a fixed objective within each
window. For k& > 1, candidates are evaluated by a joint autoregressive rollout: after the first predicted latent,
the prediction is appended to the context and used to predict the next latent under the next candidate action.

H .1 k plan %
We compute the CEM error from the recovered action sequences: 3 > ., [la;"}'s — ai,; sll2, averaged

over transitions, where S is the set of searched action dimensions. Lower error indicates that the world-model
latent dynamics are more action-sensitive under the CEM inversion test.

B) VLA-in-the-loop closed-loop success. We roll out OpenVLA-7B [2¥] inside each world model for 50-
step episodes across 20 Bridge V2 test episodes with 8 independent trials per episode (i.e., N = 80 total
rollouts ). Each rollout video is scored by two VLMs, InternVL-3.5-14B [68] and Qwen-3.6-27B [A6] using
16 tail-biased frames sampled from the rollout. We use these to compute the following closed-loop success
metrics:

* Consensus success rate (Consensus SR) reports the fraction of trials scored as a success by both raters
simultaneously: CSR = & . 1[scorel™*VE > 0.5 A score™™*V!" > 0.5]. Requiring agreement from
both raters reduces false positives from any single rater’s miscalibration.

* Borda rank is the sum of rank positions across both raters within each DiT-size group: Borda =
TInternVL + TQwenVL> Where Tipternvi, and 7Qwenvi are the ordinal ranks of the model by SR-InternVL
and SR-QwenVL respectively: rank 1 being the best. This is an ordinal measure robust to rater calibration
drift and a lower score is better.

C) VLM interaction-quality rubric. Each rollout is additionally scored by InternVL 3.5 [68] on a struc-
tured rubric with three independent sub-scores on a 1-5 integer scale, then averaged across the N trials [51].
It is rated by a VLM using the prompt described in Sec. C3.

* Interaction quality score (IQ scoret) measures the plausibility of robot—object contact, including whether
grasps, pushes, and force transfers look realistic and avoid interpenetration artifacts. This helps capture
whether the world model renders credible manipulation dynamics without requiring pixel-level ground
truth.

* Instruction following (Instr. follow?) is the degree to which the rollout visually executes the language
instruction ¢ (e.g., grasping the correct object, moving in the specified direction). Instruct follow is comple-
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mentary to binary SR in the sense that it captures partial progress on episodes where neither judge counts
the rollout as a full success.

D) Out-of-Distribution (OOD) robustness. We re-run a subset of 10 tasks from the 20 used for calculating
VLA SR, 8-trial setup under two independent perturbations. Distractor-object (OOD distractor) rollouts add
OOD objects to the scene as described in Sec. 3, while OOD-instruction rollouts replace the language
instruction ¢ with a semantically unrelated instruction drawn from a different Bridge V2 task family. Success
rates under perturbation use the mean of the two per-rater SRs:

* OOD SR Distractor: the per-rater mean SR under distractor objects.

* OOD SR instruction: the per-rater mean SR under the substituted instruction.

C.2 Pixel fidelity and scene geometry

Action faithfulness is a necessary but not sufficient condition for world modeling, e.g., a model that steers cor-
rectly yet generates physically implausible scenes will still mislead a policy that relies on visual observations.
We thus evaluate decoded rollout quality across three categories visual quality, content consistency, and
motion quality each containing reference-based metrics that compare generated frames 0, to paired ground-
truth frames o}, and reference-free perceptual metrics [51] that score generated clips without a ground-truth
counterpart. All metrics are computed over 1,000 test episodes.

A) Visual quality. Reference-based metrics include:

* PSNR?T measures the peak signal-to-noise ratio 10log,,(1/MSE(é;,0;)), averaged over frames and
episodes. This helps quantify pixel-level reconstruction accuracy but not the perceptual structure.

» SSIMT measures structural similarity [AY] between 6, and o}, computed on luminance with a local window.
Captures structural and contrast coherence that PSNR misses.

» LPIPS| measures the learned Perceptual Image Patch Similarity [[77] using AlexNet [B0] features. LPIPS
correlates better with human perceptual judgments than pixel-level metrics, penalizing blurry or structurally
incorrect generations even when MSE is low.

» FID/ quantifies the Fréchet Inception Distance [24] between the distribution of generated and ground-truth
frames, computed from InceptionV3 2048-D features [55]. FID measures the population-level gap between
generated and real frame distributions, capturing systematic biases that per-frame metrics average away.

Reference-free metrics are borrowed from Shang et al. [61] and include:

» Image quality? measures the MUSIQ [27] multi-scale image quality score, normalized to [0, 1]. This
helps quantify the perceptual quality of individual frames using a model trained on human quality ratings,
without requiring a ground-truth reference.

* Aesthetic quality? uses the LAION aesthetic predictor score [B0], normalized to [0, 1] from a raw [0, 10]
scale. This helps capture the compositional and stylistic appeals of generated frames independently of
content accuracy.

* JEPA similarity 1 measures the maximum mean discrepancy (MMD) between feature distributions ex-
tracted from JEPA [B] to provide evaluation results that better align with human perception.

B) Motion quality. Reference-based metrics include:

* FVD| measures the Fréchet Video Distance [63] computed from ResNet-3D features on 16-frame clips.
FVD helps extend FID to the temporal domain, thus capturing spatiotemporal distribution quality of full
video clips rather than individual frames.

* t-LPIPS/ uses RAFT [56] to estimate the optical flow u;_1_,+ on the ground-truth frames. Both generated
and ground truth (GT) frames are then warped with this shared flow. t-LPIPS is the mean absolute difference
between the per-step LPIPS of the flow-warped generated video and the flow-warped GT video. Using GT
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flow as a shared reference decouples temporal dynamics quality from content. Here, a low score signifies
the model’s frame-to-frame motion pattern matches ground truth.

* PCK coverage?! uses CoTracker [26] to track a 16x16 grid of query points placed on the first context
frame through the generated video. PCK coverage is the mean fraction of these query points that remain
visible (tracked with high confidence) at each rollout step. A drop across steps indicates that the generated
video causes points to leave the frame or become untrackable, which implies geometric instability.

Reference-free metrics are borrowed from Shang et al. [51] and include:

* Dynamic degreef measures the fraction of inter-frame pairs in a generated clip where RAFT-estimated
optical flow magnitude exceeds a threshold 7=6 pixels. A near-zero value indicates a nearly static rollout,
which is unlikely to be action-faithful regardless of pixel quality.

* Flow score? quantifies the mean magnitude of the top-5% of optical flow vectors across all inter-frame pairs
in a generated clip. This helps capture the strength of dominant motion events, complementing dynamic
degree which only measures their frequency.

C) Reconstruction ceiling. For each encoder, all reference-based metrics are additionally computed on
reconstructed frames, i.e., real observations encoded and decoded without any DiT. This gives us a per-
encoder upper bound. The gap A is the difference between the world model score and this ceiling, isolating
the quality loss attributable to the transition model rather than the decoder. A large gap indicates that the DiT
struggles to generate in-distribution latents while a small gap implies that the encoderdecoder path is not the
bottleneck.

C.3 Latent representation quality

A) Action Recoverability. A world model can score well on PSNR/SSIM yet use an encoder that never
encoded action information to begin with, or use a good encoder but a DiT that overlooks the action-
discriminative geometry during denoising. Action recoverability metrics seek to address these and include
the following reference-based measures:

* IDM Pearson r (Encoder) uses an Inverse Dynamics Model (IDM) head [S7] trained on consecutive
frozen encoder latent pairs (2, ;1) from Bridge V2 to predict an action chunk G411 € RFX7 for
horizon k € {1,4}. Pearson r is then computed by averaging over the six continuous action dimensions on
held-out real encoded frames, establishing the maximum step-level action information linearly accessible
from each encoder space.

* IDM Pearson r (WM) applies the same frozen IDM (trained on real latents) to world model generated
latent pairs (2, Z¢4x) from DiT rollouts of the same episodes. A small Real-WM r difference confirms
the transition model faithfully preserves action-relevant latent geometry during generation while a large
difference exposes degradation invisible to pixel metrics. A large gap between Real and WM r indicates
generation-induced erasure of action-distinguishing structure even when decoded pixels look faithful.

B) Success classifier Accuracy or Success Separability. We seek to measure whether the world model’s
generated latent trajectories retain enough task-outcome structure for a frozen success classifier to distinguish
successful from failed episodes, i.e., the DiT preserves semantic meaning over a full rollout and not just local
action geometry. Semantic fidelity includes the following reference-based metrics that require ground-truth
success/failure labels:

* Enc. Acc signify the encoder ceiling, where a factored spatial-temporal attention probe g4, conditioned
on frozen SigLIP 2 text tokens, is trained on real encoder latent trajectories zg.r from SOAR [&1] to clas-
sify task success given the language instruction. Balanced accuracy on held-out real-encoded trajectories
establish the probe ceiling, i.e., the maximum task-success information preserved in each encoder space.

* WM Ace. applies the frozen probe g is applied without retraining to full world model generated latent
rollouts of the same episodes. Lower WM Acc relative to Enc. Acc reveals semantic drift: the generated
trajectory has lost task-outcome separability even when per-step action signals remain partially intact.
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C.4 VLA-based evaluations

Table 7: OOD-instruction evaluation pairs. Each original instruction is paired with a single semantically-
related but behaviorally distinct instruction. Variations span four types: action reversal (same scene, opposite
action), action + target change, spatial relation change, and target location change.

Original instruction OOD instruction Variation

close oven open the oven Action reversal

open the drawer close the drawer Action reversal

fold the cloth from the bottom to the top unfold the cloth flat Action reversal

sweep into pile scatter the pile across the table Action reversal

pick up sponge and wipe plate drop the sponge into the sink Action + target change
Move the can behind the blue fork place the can on top of the blue fork Spatial relation

pick up blue towel from the grey thing and put the blue towel inside the white basket  Spatial relation
placed it to the right of the white basket

put the covering lid on top of the silver pot put the lid inside the silver pot Spatial relation
moved the blue scrubber onto the lower right move the blue scrubber to the upper left Spatial location
burner burner

place the silver pot in the middle of the table place the silver pot in the sink Target location

We manually pick the set of 20 tasks present in Table [l to have a good mix of task difficulties as well as task
diversities from the Bridge V2 test set. The tasks involve instructions like pick and place, opening/closing,
interacting with non-rigid objects like clothes, and tasks that require precise arm and gripper control. We use
Claude Opus 4.7 to generate the OOD instructions given the original task instruction in Table @. These OOD
instructions also span several variations.

C.5 VLM prompts

We list the exact prompts we used to create the out of distribution distractor images, score the VLA policy
trajectories, and to score the interaction quality and related metrics. We provide a summary of the full prompt
from Shang et al. [51] for the latter here. We chose a subset of 10 tasks equally sampled from the difficulty
levels in Table. I and use ChatGPT Images 2.0 model with the distractor prompt given below to generate
the initial frame with OOD objects added to the scene.

Distractor Image Editing

Use: Text-guided distractor insertion for OOD distractor objects

Exact prompt template:

This is an initial observation for a robotics task {task_instruction}.
Modify this image by adding distraction objects in the scene in a natural
way without moving or changing any objects in the original scene.

Requirements:

- The robotic arm should be visible.

- With the distractors, the task {task_instruction} should remain
achievable.

-
(.

Episode Success/Failure Scoring

Use: Online rollout scoring used by policy-in-the-loop evaluation

Prompt structure:

Here is a sequence of frames from a robot policy which has been

rolled out in a video-generation-based world model. I need your help
determining whether the policy is successful. How successfully does the
robot complete the following task?

Instruction: {instruction}

Score rubric:
0 = Failure
0.5 = Partial (optional, when partial criteria are provided)
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1 = Success
Provide brief reasoning (2-3 sentences). Then output exactly one final
line: Final Score: X
The binary version uses only 0/1. The partial-credit version adds 0.5 when a partial_criteria string

is present.

\ J

Interaction Quality / Perspectivity / Instruction Following

Use: Multi-dimensional VLM judge rubric for paper-style interaction-quality metrics.

Prompt summary:

 Evaluates three dimensions on a 1-5 Likert scale: Interaction Quality, Perspectivity, and Instruc-
tion Following.

* Scene prior is explicit: tabletop or counter-top robotic arm manipulation, not human-hand
videos.

¢ Includes a hard hallucination check: if the video shows human hands instead of robotic arms,
Instruction Following should be scored at most 2.

* Requires the model to base judgments only on visible evidence in the sampled frames and to
consider temporal coherence.

* Output is forced to a single JSON object with exactly three top-level keys:

{"Interaction_Quality": {"score": 1-5, "reason": "..."},
"Perspectivity": {"score": 1-5, "reason": "..."},
"Instruction_Following": {"score": 1-5, "reason": "..."}}

(& J

We rated all trajectories using three open-source, but strong Vision Language Models (VLMs), InternVL3.5-
14B [68], Qwen3.6-27B [&6], and Qwen3.5-9B [45] with the same scoring prompt and sampled frames. We
sampled 16 frames from each episodes, with 10 sampled uniformly throughout the video and 6 sampled
uniformly from the second half of the episode. We did this since the ending of a trajectory often has more
task success relevant information. We then calculate Cohen’s kappa ~ to measures the agreement between
each of the VLM raters (Fig. B), and find that InternVL3.5-14B and Qwen3.6-27B are in moderate agreement.
Thus we chose the consensus rating from these two VLMs for our success rate figures. We also verify that
the main trend is supported by non-VLM metrics: CEM, IDM, success probes, and visual/geometric metrics.

VLM rater agreement

internvl35 0.47

qwen35vl

Cohen's &

qwen36 0.47

T
&
° o

& o
o0 &
[ &V

Figure 8: The Cohen’s kappa for inter-VLM rater agreement. Given the higher agreement between InternVL
3.5 and Qwen 3.6, we choose these as our VLM judges for policy-in-the-loop task success experiments.

D Additional Results
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Figure 9: SSIM gap, LPIPS gap, and PCK coverage over 45 rollout steps. While all encoders show a
strictly increasing SSIM/LPIPS gap over the full rollout due to compounding errors (each autoregressive step
feeds back slightly corrupted predictions as context), semantic latent spaces from SigLIP2, V-JEPA 2.1 and
Web-DINO remain particularly competitive when forced to extrapolate beyond the 10-frame horizon length
seen during training. Conversely, PCK coverage remains the highest for semantic encoders.

D.1 Visual performance across DiT backbone sizes

Table 8: Reconstruction quality across DiT sizes: S, B, and L. Each cell for PSNR, SSIM, LPIPS, t-LPIPS,
FID, and FVD shows the WM value with the gap to its encoder’s reconstruction ceiling in parentheses (lower
is closer to the ceiling). Best and runner-up within each size group; the WM value and gap are highlighted
independently.

| Reconstruction fidelity |  Generative quality
PCK
Encoder PSNR SSIM LPIPS coverage t-LPIPS FID FVD
) T 4 ) 4 { 1
DiT-S
VAE 17.43 0.688 0.218 0.565 0.0264 17.43 6.8
« VA-VAE 16.98 0.633 0.226 0.559 0.0253 15.49 8.5
Cosmos 16.97 0.608 0.245 0.544 0.0223 16.95 8.2
« V-JEPA 2.1 18.10 0.725 0.176 0.580 0.0197 6.77 5.5
o V-JEPA 2.19¢ 18.20 0.729 0.179 0.575 0.0212 6.30 5.2
Web-DINO 17.42 0.722 0.199 0.575 0.0234 7.63 6.7
Web-DINO4 17.82 (854 0.711 0.196 0.563 0.0200 (0.0144 8.37 7.6
Web-DINOg4 18.26 0.738 (0.168)  0.196 (0.124 0.575 0.0185 (0.0118 14.18 (139 109 (15
Web-DINOgg 17.99 0.728 0.181 0.572 0.0195 6.00 (2.16 5.5
Web-DINOgs6 | 17.63 0.725 0.214 0.574 0.0231 14.25 10.4
SigLIP 2 17.48 0.713 0.205 0.555 0.0228 7.86 6.9
SigLIP 296 18.06 (8.69 0.738 (0.152)  0.179 (0.131 0.578 0.0223 6.88 6.0 (18
DiT-B
VAE | 17.47 0.682 0.206 0.565 0.0236 | 10.64 5.1
« V-JEPA 2.1 18.43 (1081) 0.740 (0178) 0.171 (0.135 0.584 0.0205 (0.0169 7.31 5.9 25
» V-JEPA 2.19¢ 18.06 0.726 0.185 (0.150 0.573 0.0206 (0.0171 5.99 (240 5.0 (21
Web-DINO 17.76 (10.40) 0.716 (0.185) 0.190 0.571 0.0233 5.96 (231 5.5
DiT-L
VAE 18.44 0.729 0.168 0.575 0.0202 5.35 3.5
Cosmos 18.01 0.657 0.186 0.563 0.0199 9.23 6.5
« V-JEPA 2.1 18.53 0.741 0.172 0.583 0.0195 6.94 54
» V-JEPA 2.19¢ 18.65 0.743 0.165 0.584 0.0201 6.19 (2.16 5.2
Web-DINO 17.72 0.729 0.192 0.581 0.0219 6.92 6.0
Web-DINOgg 18.62 0.741 (0.154) 0.189 (0.117 0.577 0.0189 (0.0123 14.26 (133 13.1 (1.3
SigLIP 2 17.94 (883 0.730 0.188 0.581 0.0207 7.57 6.7
SigLIP 2¢¢ 18.30 (845 0.743 (0147) 0.171 (0.123 0.580 0.0193 (0.0138 6.74 5816
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Table 9: World Arena perceptual metrics across DiT sizes: S, B, and L. Best and runner-up within each
size group.

| Quality | Frame consistency | Motion | Reference-based
Image  Aesthetic | Subject Background  photometric | Dyn.  pgrow | DPepth  JEPA
Encoder quality quality consist. consist. consist. degree score | AbsRel sim.
t T 4 ) ) 4 0
DiT-S
VAE 0.592 0.467 0.810 0.950 96.26 0.767 1.186 | 0.390 0.871
« VA-VAE 0.585 0.464 0.817 0.949 94.93 0.765 1.204 | 0.455 0.783
Cosmos 0.558 0.463 0.793 0.946 73.29 0.813 1.511 0.638 0.517
« V-JEPA 2.1 0.578 0.473 0.841 0.955 80.49 0.832 1.587 | 0.404 0.929
o V-JEPA 2.1gg 0.579 0.474 0.841 0.955 76.30 0.843 1.653 | 0.363 0.928
Web-DINO 0.576 0.472 0.849 0.957 94.03 0.794 1408 | 0.350 0.938
Web-DINO 4 0.546 0.469 0.838 0.952 76.85 0.824 1.532 | 0.399 0.905
Web-DINOg4 0.575 0.466 0.854 0.960 84.95 0.823 1.532 | 0.358 0.774
Web-DINOgg 0.574 0.473 0.841 0.955 76.82 0.835 1.634 | 0.375 0.944
Web-DINOgs6 | 0.581 0.467 0.861 0.961 103.86 0.782 1.325 | 0.357 0.785
SigLIP 2 0.566 0.471 0.839 0.953 74.93 0.827 1.602 | 0.394 0.931
SigLIP 296 0.573 0.472 0.843 0.955 77.30 0.827 1.547 | 0.372 0.938
DiT-B
VAE \ 0.591 0.471 \ 0.813 0.951 79.77 \ 0.824 1.520 \ 0.434 0.915
« V-JEPA 2.1 0.582 0.474 0.847 0.958 87.57 0.812 1454 | 0.324 0.923
o V-JEPA 2.19g 0.577 0.474 0.845 0.957 82.82 0.823  1.521 | 0.381 0.928
Web-DINO 0.577 0.473 0.847 0.957 86.57 0.815 1.493 | 0.342 0.939
DiT-L
VAE 0.598 0.475 0.827 0.952 75.16 0.844 1.635 0.281 0.980
Cosmos 0.578 0.469 0.817 0.952 71.22 0.843  1.650 | 0.465 0.760
» V-JEPA 2.1 0.578 0.474 0.844 0.956 80.05 0.832 1.573 | 0.330 0.926
o V-JEPA 2.19g 0.581 0.474 0.842 0.956 81.48 0.831 1.558 | 0.346 0.929
Web-DINO 0.573 0.472 0.847 0.957 84.57 0.823 1.557 | 0.343 0.945
Web-DINOgg 0.578 0.466 0.852 0.959 79.79 0.833 1.568 | 0.352 0.709
SigLIP 2 0.569 0.472 0.845 0.956 79.16 0.822 1.562 | 0.344 0.937
SigLIP 29 0.573 0.472 0.844 0.956 76.98 0.830 1.580 | 0.326 0.937
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D.2 Policy performance across DiT backbone sizes

Table 10: Policy and behavioral metrics for different DiT sizes: small (S), base (B), and large (L). Best
and runner-up within each size group. In-distribution (ID) SR: InternVL3.5 on the 10 episodes shared with
OOD evaluations. OOD SR: InternVL3.5 only. Borda rank (lower = better) aggregates InternVL3.5-14B,
and Qwen3.6-27B rankings. Muted + terms show one standard deviation averaged over episode for SR and
CEM metrics.

| VLA SR | Interaction quality | PCK | OOD robustness | CEM error
Cons. Borda IQ  Instruction PCK 1D 00D SR OOD SR
Encoder SR rank | score follow coverage SR distractor instruction k=1 k=4
i 1 i t ) ) t i 1 1
DiT-S
VAE | 0.169 31 3.26 3.48 0.719 0.375 0.287 0.200 0.111 0.612
« VA-VAE 0.175 28 322 3.42 0.715 0.350 0.250 0.200 0.097 0.543
Cosmos | 0.244 20 3.32 3.51 0.707 0.425 0.362 0.275 0.112 0.661
« V-JEPA 2.1 0.344 7 3.43 3.78 0.735 0.600 0.575 0.400 0.084 0.424
o V-JEPA 2196 | 0.362 9 3.52 3.84 0.735 0.600 0.537 0.250 0.089 0.548
Web-DINO 0.212 26 3.34 3.58 0.735 0.550 0.512 0.250 0.090 0.474
Web-DINOy3s | 0.256 13 3.51 3.85 0.721 0.500 0.500 0.300 0.104 0.555
Web-DINOg,  0.281 16 3.34 3.50 0.734 0.550 0.487 0.325 — —
Web-DINOgs | 0.300 13 3.44 3.77 0.732 0.600 0.512 0.275 0.090 0.531
Web-DINO356  0.194 21 3.31 3.56 0.735 0.512 0.500 0.287 — —
SigLIP 2 | 0.325 10 3.43 3.58 0.730 0.537 0.500 0.263 0.082 0.523
SigLIP 246 0.331 16 3.42 3.71 0.731 0.625 0.588 0.312 0.086 0.537
DiT-B
VAE | 0.256 11 | 331 3.62 | 0723 | 0.463 0.438 0.225 | 0.113 —
« V-JEPA 2.1 0.319 4 3.51 3.77 0.739 0.625 0.475 0.325 0.096 —
o V-JEPA 2195 | 0.325 6 3.52 3.69 0.737 0.575 0.525 0.200 0.097 —
‘Web-DINO 0.287 8 3.44 3.75 0.736 0.600 0.550 0.300 0.084 —
DiT-L
VAE | 0.350 11 3.60 3.95 0.737 0.688 0.675 0.350 0.120 —
Cosmos 0.406 9 3.57 4.01 0.722 0.637 0.500 0.438 0.132 —
« V-JEPA 2.1 | 0.350 21 3.52 3.84 0.740 0.575 0.562 0.312 0.093 —
o V-JJEPA 2,195 0.388 8 3.44 3.80 0.737 0.688 0.550 0.287 0.106 —
Web-DINO | 0.325 14 3.39 3.69 0.737 0.588 0.500 0.325 0.087 —
Web-DINOys ~ 0.344 14 3.59 3.90 0.735 0.550 0.588 0.225 0.091 —
SigLIP 2 | 0.356 8 3.42 3.75 0.734 0.625 0.588 0.300 0.088 —
SigLIP 29 0.381 11 3.43 3.75 0.733 0.575 0.613 0.388 0.092 —
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Table 11: Per-instruction VLA task success for DiT-L encoders (each cell: successes out of 8 trials).
Columns: ¢ VAE, - Cosmos, e V-JEPA2.195, © Web-DINOgg, e SigLIP2¢6. Thin gray rule separates
reconstruction encoders from semantic encoders within each rater group. Instructions are ranked into four
difficulty levels for a tabletop robotic arm: L1 basic single-step actions; L2 pick-and-place with relative/area
positioning; L3 precise placement, specific orientation, or force control; L4 deformable-object manipulation
and structural stacking. Bold: highest count per instruction and rater (zero-only rows not highlighted).

Qwen 3.6

InternVL 3.5

Instruction °

Level 1 — Basic single-step actions (open, close, sweep)

close oven 6 6 7 8 6 8 8 8 8 8
open the drawer 8 8 8 8 8 8 8 8 8 8
pick up sponge and wipe plate 8 7 8 8 8 8 8 7 5 8
sweep into pile 7 7 7 8 6 8 8 7 4 5
mean 72 70 75 80 7.0[80 80 75 62 72
Level 2 — Pick-and-place with relative or area-level positioning
Move the can behind the blue fork 2 3 2 6 7 7 4 7 7 6
Move the red spoon to the left of the pot 7 6 5 6 7 6 8 7 8 8
close brown1fbox flap 1 2 2 0 2 7 4 8 2 6
moved the blue scrubber onto the lower right burner 4 5 5 6 3 2 3 4 4 2
pick up the green object above the drawer and place it on the 0 0 1 2 1 1 1 1 3 1
table
place the silver pot in the middle of the table 1 4 4 3 0 2 1 2 0 0
put banana in pot or pan 6 5 3 5 4 4 1 0 0
mean 29 37 34 37 36|41 36 43 34 33
Level 3 — Precise placement, specific orientation, or force control
pick up blue towel from the grey thing and placed it to the right 4 5 5 5 8 6 5 7 6 6
of the white basket
pour almonds in pot 4 2 1 1 8 0 1 0 0 2
put cucumber in cup 4 3 4 7 3 1 1 3 3 3
put the covering lid on top of the silver pot 3 4 1 3 3 1 0 0 2 1
turn lever vertical to front 4 1 2 1 1 0 0 0 0 0
mean 38 30 26 34 46|16 14 20 22 24
Level 4 — Deformable-object manipulation and structural stacking
fold the cloth from the bottom to the top 7 8 7 8 7 5 6 5 0 2
move the red rectangle from one tower to another 0 0 0 0 0 1 0 0 2 1
put the rectangular block on top of the yellow and blue cubes 0 0 0 0 0 0 0 0 0 0
unfold the cloth from bottom right to top left 6 8 7 6 5 8 8 7 6 5
mean 32 40 35 35 30|35 35 30 20 20
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D.3 Statistical Analyses

Table 12: Uncertainty estimates for policy-facing metrics. Cells show means with 95% bootstrap con-
fidence intervals. VLA SR uses consensus VLM success; OOD SR pools distractor and instruction shifts;
CEM is one-step controllability error. Family-level rows compare semantic encoders against reconstruction
encoders. Best and runner-up are scoped per column.

Encoder VLA SRt OOD SR?t CEM error
VAE 0.169 0.303 0.111
« VA-VAE 0.175 0.225 0.097
Cosmos 0.244 0.319 0.112
o V-JEPA 2.1 0.344 0.487 0.084
Web-DINO 0.212 0.388 0.090
SigLLIP 2 0.325 0.381 0.082
FAMILY-LEVEL SEMANTIC VS. RECONSTRUCTION TESTS
Semantic — reconstruction +0.098 +0.136 -0.0266
One-sided test p=0.0129 p < 5x107° p = 0.00015

Uncertainty over policy-facing metrics. The results show the same simple pattern across the policy-facing
metrics: semantic latent spaces are better for task-relevant behavior than reconstruction latent spaces. For in-
distribution VLA rollouts, semantic encoders exceed reconstruction encoders by 9.8 percentage points, with
a 95% paired bootstrap interval of [2.5, 17.7] points and an exact one-sided sign-flip test of p = 0.0129 over
the 20 shared task episodes. The OOD result is also positive: when pooling distractor and instruction shifts,
semantic encoders exceed reconstruction encoders by 13.6 percentage points, with a 95% bootstrap interval
of [8.8, 18.4] points and p < 5X 103, For CEM action recovery, lower error is better; semantic encoders
reduce one-step controllability error by 0.0266, with a 95% bootstrap interval of [0.0122, 0.0412] lower error
and p = 0.00015. Thus, the semantic-family advantage is statistically supported for VLA success, OOD
success, and CEM action recovery.

D.4 Latent representation quality

Table 13: Inverse Dynamics Model action-recovery (Pearson r averaged over action dimensions) for hori-
zons k=1 and k=4. Real = on encoded GT latents (the encoder ceiling); WM = on world-model rollouts.
Best and runner-up per column.

DiT-S \ DiT-B \ DiT-L
k=1 k=4 | k=1 k=4 | k=1 k=4
Encoder Realt WMt Realt WM? | Realt WMt Realt WM? | Realt WMt Realt WM?
VAE 0.507 0476 0478 0464 | 0.507 0495 0.478 0470 | 0.507 0.510 0.478 0.483

« VA-VAE 0.549 0545 0.744 0.719
Cosmos 0.626 0.581 0.673 0.651

« V-JEPA2.1 0.829 0.781 0.865 0.840
Web-DINO  0.820 0.729 0.845 0.794
SigLIP 2 0.772  0.697 0.793 0.757

0.626 0.617 0.673 0.671

0.829 0.797 0.865 0.848
0.820 0.705 0.845 0.785
0.772  0.705 0.793 0.762

0.829 0.779 0.865 0.834
0.820 0.778 0.845 0.824
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Table 14: Trajectory success-probe accuracy across DiT sizes. Enc. Acc/AUC is computed on encoded
ground-truth latents (the probe ceiling); per-DiT columns are accuracy on world-model rollouts and the abso-
lute Drop from the encoder ceiling (lower is better). Best and runner-up per column. Dashed rule separates
VAE-like and SSL encoders.

| DTS | DITB | DITL
Encoder Enc.Acc  Enc.AUC | Acc Drop| | Acc Drop| | Acc  Dropl
VAE 0.835 0917 ] 0.716 0.119 | 0.716  0.119 | 0.685 0.150
« VA-VAE 0.868 0.938 0.744 0.124 — — — —
Cosmos 0.851 0.925 ‘ 0.723  0.128 — — 0.732  0.119
« V-JEPA 2.1 0.905 0.963 0.789 0.116 | 0.791 0.114 | 0.796 0.109
Web-DINO 0.906 0.963 ‘ 0.788 0.118 | 0.789 0.117 | 0.797  0.109
SigLIP 2 0.903 0.961 0.823  0.080 — — 0.827 0.076
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Figure 10: Action trajectories induced by encoder spaces: episode rollouts projected onto the top-2
canonical-correlation directions between IDM features and ground-truth actions. (p1, p2) are the leading
canonical correlations, 77 summarizes the aggregate action alignment. Colored curves are episodes.

D.5 Multi-view transfer learning

Table 15: DiT-S single-view vs multi-view. Each cell for PSNR and LPIPS shows the WM value with the
gap to its encoder’s reconstruction ceiling in parentheses (smaller = closer to ceiling). Best and runner-up
per column across all rows; the WM value and gap are highlighted independently. The two adapter pairs
(V-JEPA 244, Web-DINOyg) only have multi-view data for CEM. Best within each column.

| Reconstruction fidelity | Generative quality | Controllability

CEM
Encoder PSNR LPIPS FID FVD L2
) \ 4 4 \
VAE 17.43 0.218 17.43 6.8 0.111
VAE (multi) 16.67 0.234 22.03 12.9 0.047
"~ Cosmos [ 16.97 (10.06) 0.245 (0.197) [ 1 1695 82 | 0112
Cosmos (multi) 16.07 0.266 27.65 13.8 0.050
o VAEPA21 ¢ 1810 (11.00) 0.176 (0aa1) | 677 55 10 0.084
o V-JEPA 2.1 (multi) | 17.50 0.186 9.18 6.2 0.056
"« Web-DINO [ 17.42 Cios7) 0.199 (060, | 763 67 | 0.090
Web-DINO (multi) | 17.43 (9.77 0.191 (0.141 10.12 7.3 0.052
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D.6 Effect of adapter dimension

Table 16: Adapter dim. d ablation
We observe that adapter dimension has a non-monotonic sweet  for Web-DINO DiT-S. Best and runner-up

spot. Table [[A shows that the adapter bottleneck dimension has highlighted per row.
a non-monotonic effect on performance. For Web-DINO with

DiT-S, the intermediate dgg setting gives the best overall trade- Web-DINO (DiT-S) latent dim
off, achieving the highest VLA success rate and the best LPIPS,  Metric dig  dgs D1o24
FID, and FVD. Smaller bottlenecks such as d;¢ remain com- VLA SRt 0.256 0.269 0.181
petitive for policy performance but lose visual quality, while ~ SSIMt 0.711  0.728 0.722

ine the full D d tout i than th t LPIPS| 0.196 0.181 0.199
using the full D14 encoder output is worse than the compact = | 537 600 ot

dge adapter. FVDJ 7.65 551 6.66

E Additional Rollouts

We provide additional rollouts alongside the key observations for Open-VLA success rate comparison (Fig.
[[T), plain pixel rollouts for comparing differences between standard model outputs (Fig. [2) and hallucinated
model outputs (Fig. [3), rollouts under OOD distractor objects as well as under OOD instructions for all
models across diverse episodes (Fig. [[4, [A) as well as on the same episode (Fig. [T, 7). We also provide
sample rollout videos for analyses with the supplementary files.

( 4 X . ; 3
Context ST : Contex
i
; _ii X 0 l.
Plck up the . W = \d = 3 “Move the
green object !.4 v {.4 ? ',4 ' Iy ‘ fu can behind
1 IK |

above the the blue
drawer and fork"

neceicon [EON' NEUON" UGN NEUON g ,‘.si
{ \ Ui} “i';
|$J ) { ”‘1

Cosmos

Saddadaa

Figure 11: Open-VLA success rate comparison on two random episodes: four frames are sampled at even
intervals. v and X show trajectories marked as success and failure by InternVL 3.5 VLM.
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Ground Truth Cosmos Web-DINO

Cosmos Web-DINO

Context

V-JEPA 2.1 SigLIP 2

Cosmos

V-JEPA 2.1

Figure 12: Pixel rollout comparison across models on diverse episodes: the first frame is fed as context
and the rest 3 frames are sampled at even intervals from the generated world model rollout.
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Ground Truth Cosmos

§m

Context

Figure 13: Hallucinated pixel rollout comparison across models on diverse episodes: the first frame is
fed as context and the rest 3 frames are sampled at even intervals from the generated world model rollout.
Top: flipping the pot consistently causes distortions for all models; Middle: turning the book pages causes
the models to only partially follow the motion with the book/page appearances becoming smeared and incon-
sistent, the page edges and cover boundaries drifting; Bottom: while all models predict the appearance of an
opening drawer, some clearly under-predict the opening (e.g. VIEPA 2.1) while others show unstable drawer
boundary and front panel (e.g. Cosmos).
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Cosmos "™ yAF EE V-]JEPA 2.1 ™= Web-DINO SigLIP 2

Context pick up blue towel from the grey thing and placed it to the right of the

Original

00D
Distractor

Original

ooD
Distractor

Original

00D
Distractor

Original

ooD
Distractor

Original

ooD
Distractor

Figure 14: OOD Distractor comparison showing failure episodes per model: OOD objects break task-
object binding and action-conditioned state tracking across all models. v and X show trajectories marked as
success and failure by InternVL 3.5. In their respective trajectories: Cosmos generates less stable towel/object
state; VAE fails at task-relevant placement of the silver pot; V-JEPA 2.1 loses stable binding between the can,
the blue fork, and the instruction, with the can failing to end up reliably behind the fork; Web-DINO fails to
maintain the pile-forming interaction; SigLIP 2 keeps the stove layout recognizable, but it does not preserve
the precise relation between the scrubber and the target-burner.
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Cosmos "™ yAF EE V-]JEPA 2.1 ™= Web-DINO SigLIP 2
Context Move the can behind the blue fork

Original
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Distractor

Original
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Distractor

Original
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Move the can behind the blue fork

Original

ooD
Distractor

Figure 15: OOD Distractor comparison for the same episode: OOD distractor competes with the target
objects and exposes whether a model can keep the target objects bound to the instruction. " and X show
trajectories marked as success and failure by InternVL 3.5. Here, irrespective of the task success, the added
object visually changes the predicted interaction for all models: the robot/can motion becomes less task-
directed, the cans position is less consistently moved behind the blue fork, and the models appear to let the
distractor alter the scene dynamics.
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Cosmos ™= ypfF = V-JEPA 2.1 = \\/eb-DINO SigLIP 2
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Figure 16: OOD Instruction comparison showing failure cases per model: for each model, the same
initial context is rolled out with the original instruction, which succeeds, and then with a OOD instruction,
which fails. v and X show trajectories marked as success and failure by InternVL 3.5. Model-specific OOD
instruction trajectories show: Cosmos rollout still moves the blue scrubber around the stove, but does not
reliably bind it to the new target burner; VAE preserves the table scene, but fails to understand the spatial
relation "on top of"; VJEPA 2.1 rollout continues to look like sweeping/piling behavior rather than reversing
the task into scattering; Web-DINO keeps the towel manipulation plausible, but misses the new container-
based goal; SigLIP 2 rollout shows the lid disappear off the frame.
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Cosmos ™= ypfF = V-JEPA 2.1 = \\/eb-DINO SigLIP 2

Original: fold the cloth from the bottom to the top
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OOD Instruction: unfold the cloth flat

CRCHTATHCECE - -

Original: fold the cloth from the bottom to the top

Context

Original

00D
Instruction

Context ; y v Original

00D
Instruction

Original

0ooD .
Instruction

Original: fold the cloth from the bottom to the top

BB

Context

00D Instruction: unfold the cloth flat

00D
Instruction

Figure 17: OOD Instruction comparison for the same episode: most models exhibit a common hallucina-
tion where the original object dynamics or defaults to a familiar action pattern instead of updating the final
state to match the new instruction. v and X show trajectories marked as success and failure by InternVL 3.5.
Both Cosmos and VAE maintain the cloth in a partially folded/creased state instead of flattening it. Semantic
encoders more clearly capture the semantic difference between folding and unfolding with VIEPA 2.1 most
clearly producing a flatter cloth for the OOD instruction. Web-DINO spreads the cloth, but with some shape
distortion and robot occlusion while for SigLIP 2, tha&loth shape becomes rounded, suggesting some geom-

etry hallucination despite correct task-level outcome.
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