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Abstract. Latent diffusion models (LDMs) have recently significantly
advanced embodied learning in constructing powerful embodied manipu-
lation world models. However, despite the remarkable performance, exist-
ing LDMs predominantly rely on Variational Autoencoders (VAEs) opti-
mized for natural scenes while failing to account for the unique character-
istics of embodied manipulation scenarios, yielding latent representations
that are neither compact nor controllable, thereby hindering efficient
training of LDMs and precise robotic control. To solve this problem, we
present EmbodiedVAE, a novel video VAE that provides compact yet
controllable latent representations tailored for the robotic manipulation
world models. Specifically, EmbodiedVAE adopts a dual-encoder, single-
decoder architecture with an asymmetric spatio-temporal compression
module, which automatically disentangles the robot arm’s motion from
background environment, resulting in overall compactness while provid-
ing explicit embodied latent to support fine-grained action control. To
further preserve the temporal consistency of learned robotic motion la-
tent, we introduce an optimal-transport-based consistency module that
explicitly enforces motion fidelity and inter-frame coherence. Extensive
experiments demonstrate that our proposed EmbodiedVAE achieves su-
perior reconstruction quality with high compression rate, while enabling
more precise action control in robotic manipulation scenarios with an
average of 2dB PSNR improvement over state-of-the-art video VAEs.

Code is available at: https://github.com/Mutual-Luo/EmbodiedVAE

Keywords: Video VAE, Embodied Manipulation

1 Introduction

Recent advances in latent diffusion models (LDMs) have demonstrated remark-
able potential for embodied learning, particularly in constructing expressive em-
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bodied manipulation world models [1521}[59], which enable embodied agents
to imagine future interactions with environments at a low cost. At the heart of
LDMs lies a variational autoencoder (VAE) that encodes high-dimensional data
into latent representations through an encoder-decoder architecture .
Within this latent space, the diffusion process operates to progressively refine
these representations, enabling high-fidelity visual generation [3,4}[44]54].

While the remarkable performance of LDMs, directly applying them to build
embodied robotic manipulation world models still faces some challenges.
In such scenarios, the core
objective is to accurately
predict the outcomes of
arm-environment interac-
tions under given future Ground Truth

action conditions @,@
. However, exist-

ing LDMs predominantly
rely on image or video Wan-VAE
VAEs designed for natu- — LoNR:22.169
SSIM:  0.821
ral scenes. As a result,
their latents remain insuf-
ficiently compact and con-  EmboidedVAE
trollable, thereby hinder-  PSNR:24.248
ing e [cieht downstream  SSIM: 0.835
training and precise robotic
control. While frame-by-
frame compression with
2D image VAEs preserves
temporal continuity, it fails

Fig. 1: Example comparison on the Bridge dataset
illustrating latent controllability of the video VAE in
robotic manipulation scenarios, given history frames
L and future arm actions. The LDM backbone is fixed
to exploit inter-frame re- s R ASIm-L (461 M) [59)], while the only di [efence lies
dundancy, producing large in the video VAE used for training and inference.
latents that hinder effi-

cient LDM training

. Conversely, although existing video VAEs achieve relatively compact latents
via spatial-temporal compression, their temporal compression, which lacks ex-
plicit modeling of the robotic actions, often causes the motion semantics to be
lost. . As shown in Figure given history frames and corresponding fu-
ture actions, the world model trained upon the widely used Wan-VAE yields
high-quality visuals but fails to enable accurate action control. In summary, ex-
isting video VAEs in embodied scenarios still struggle to balance compression
and motion fidelity, limiting their capacity for accurate motion control in down-
stream video generation.

To address the aforementioned problems, in this work, we propose our novel
EmbodiedVAE, a video VAE tailored for embodied robotic manipulation world
models that produces compact yet controllable latent representations to enable
efficient and effective downstream embodied learning. The core idea of our pro-
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posed EmbodiedVAE is to automatically disentangle an input video into two
compact latent spaces: one capturing the foreground fine-grained, robot-related
motion information, and the other modeling the contextual background. This
explicit disentangle allows the robotic latent to directly incorporate action con-
ditions on the manipulator itself while remaining unaffected by irrelevant envi-
ronmental noise, leading to more accurate and controllable action generation.

Specifically, EmbodiedVAE disentangles the robotic arm and environmen-
tal context with a dual-encoder, single-decoder architecture. The environment
encoder captures scene context, while the robotic arm encoder models the ma-
nipulator’s motion dynamics. (1) To learn to attend to di [erknt types of infor-
mation, we employ a two-stage training scheme where robotic arm masks are
utilized solely during training to facilitate the disentanglement of motion and
context. After training, EmbodiedVAE operates without any mask input. In the
first stage, two VAEs are trained for robotics and environment, and in the sec-
ond, their frozen encoders guide a unified decoder to reconstruct complete videos
from disentangled latents. (2) To obtain highly compact latent representations,
we adopt an asymmetric compression strategy: the robotic arm encoder applies
stronger spatial compression to focus on fine-grained motion, while the back-
ground encoder applies stronger temporal compression to exploit redundancy,
yielding compact yet informative latent representations. (3) To capture motion
consistency in the robotic arm latent, we introduce an optimal-transport-based
loss that minimizes information transport cost across frames, encouraging stable
motion dynamics and temporal coherence in the learned representations.

Our main contributions can be summarized as follows:

— We propose EmbodiedVAE, a novel video VAE tailored for embodied robotic
manipulation that provides compact yet controllable latent representations.

— We achieve disentangled and compact latents using a dual-encoder, single-
decoder architecture trained in two stages with asymmetric compression
rates. An optimal-transport-based loss further enforces temporal consistency
of robotic arm motion in the latent space.

— Extensive experiments on embodied manipulation tasks show that Embod-
iedVAE achieves high-quality reconstruction under strong compression, en-
abling more accurate and consistent action control in the downstream tasks.

2 Related Work

2.1 Visual Autoencoders

Recent advances in visual autoencoders have greatly improved image and video
generation by learning compact, expressive latent representations [50]. They typ-
ically encode visual data into a low-dimensional latent space, as in the 2D VAE
of Stable Diffusion [3/35], while early video extensions inflated 2D convolutions
to 3D [3]. Subsequent works developed fully spatio-temporal autoencoders with
explicit temporal compression [32[441/54]. These methods can be broadly catego-
rized into discrete and continuous autoencoders: discrete variants quantize fea-
tures into a finite codebook of tokens via vector quantization [7}/42[52,/55], while
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Fig. 2: The architecture of our EmbodiedVAE, a novel video VAE tailed for embodied
manipulation. The Arm Background Disentanglement Module adopts a dual-encoder,
single-decoder architecture with asymmetric spatio-temporal compression, producing
compact yet controllable latent representations. To ensure temporal motion coherence,
the OT-based Motion Consistency Module further regularizes the robotic arm's latent.
The entire EmbodiedVAE is optimized through a two-stage training strategy: the rst
stage learns the two encoders, while the second stage trains the uni ed decoder.

continuous variants learn a Gaussian latent space through di erentiable sampling
for smooth, end-to-end visual reconstruction and generation [1,31,38,44,54,54].

2.2 High-Compression Video VAEs

Operating in a compact latent space allows LDMs to train and sample more
e ciently, which requires a video autoencoder capable of strong compression
while preserving essential semantics. Several recent works have explored this di-
rection [8,25,39]. LTX-Video [17] adopts a video VAE with an aggressive down-
sampling ratio, whose decoder also performs the nal di usion denoising step.
VidTwin [47] achieves a 0.20% compression rate by decoupling videos into struc-
tural and dynamic latent vectors, and Hi-VAE [25] further decomposes video
dynamics into global motion and ne-grained spatial details. H3AE [51] inves-
tigates e cient architectures and introduces a latent loss that eliminates the
need for complex discriminators. However, existing video VAEs still struggle to
balance compactness and controllability, limiting their ability to support precise
action control in downstream robotic manipulation video generation.

2.3 Robotic Manipulation Video Generation

Video generation models used as world simulators have advanced embodied
learning by predicting future states in videos that capture realistic robot-object
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interactions conditioned on past observations and actions. iVideoGPT [49] per-
forms autoregressive, action-conditioned video prediction for embodied tasks,
while VLP [12] and UniSim [53] integrate language and action cues to enhance
semantic controllability in video generation. EVAC [21] introduces a multi-level
action-conditioning mechanism with ray-map encoding to improve generaliza-
tion across environments. IRASIim [59] further incorporates a frame-level action-
conditioning module within each transformer block to explicitly align actions
with generated frames and strengthen temporal consistency. However, most ex-
isting methods rely on image VAE latents, which limit the training e ciency,
while video VAEs struggle to provide controllable latents.

3 EmbodiedVAE

In this section, we elaborate on EmbodiedVAE, a high-compression video VAE
that o ers controllable latent representations tailored for embodied manipula-
tion. As illustrated in Figure 2, our EmbodiedVAE is built upon a dual-encoder,
single-decoder architecture with asymmetric compression rates. One encoder ex-
tracts foreground robotic arm features, while the other captures environmental
context. A uni ed decoder then reconstructs the entire scene from the fused la-
tent representations, optimized under our designed two-stage training strategy.
To further enhance motion stability, we introduce an optimal-transport-based
consistency loss that enforces temporal coherence in the latent space.

3.1 Arm-Background Disentanglement Module

Accurate action control is essential for robotic manipulation video generation,
such as in robotic world models, where the system must precisely simulate and
predict complex interactions among the robot, manipulated objects, and the
surrounding environment [16,21,59]. However, most existing world models based
on LDMs still rely on 2D image VAEs for latent representations [3, 59], since
temporal compression in video VAEs often leads to motion information loss,
making precise action control di cult. Although the 2D image VAESs e ectively
capture spatial structures, they fails to fully exploit temporal redundancy. As

a result, the latent space remains insu ciently compact, leading to ine cient
training and limited scalability for downstream LDMs.

To address the aforementioned challenges, our proposed EmbodiedVAE aims
to learn a dedicated latent space for robotic arm motion, enabling the precise
integration of downstream action-control information into the robotic arm rep-
resentation while suppressing irrelevant backgrounds. To achieve this, Embod-
iedVAE employs a dual-encoder, single-decoder architecture that automatically
disentangles the robotic arm from its environmental surroundings without re-
quiring explicit masks during inference. One encoder focuses on capturing ne-
grained robotic arm dynamics, while the other encoder models the environmental
context. This dual-encoder design produces two complementary latent represen-
tations, the robotic arm and the environment latent. The explicit robotic latent
enables precise action injection while remaining una ected by unrelated noise.
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Foreground Robotic Arm Encoder The detailed network architecture is
visualized in Figure 2. Following VidTok [38], we avoid using fully 3D archi-
tectures to reduce the computational overhead, while we only apply causal 3D
convolutions in both the input and output layers to integrate spatio-temporal
information and preserve temporal causality. In the penultimate layer, a 3D at-
tention block is introduced to capture ne-grained spatio-temporal dependencies
and enhance feature representation. Between the input and output stages, we
stack multiple hybrid blocks composed of 2D spatial and causal 1D temporal
downsampling modules, fused by the AlphaBlender operator [24]:

Xdown = X 1+(1 ) X 2 1)

where x; and X, represent the intermediate downsampled features produced
from the interpolation operation and the convolution operation branch, respec-
tively. The blending weight is a xed hypermeter in practice, and we set

= Sigmoid(0:2) to balance the information ow from two branches here, and
the Xq4own Serves as the nal downsampled representation as de ned.

Since the robotic arm in embodied manipulation scenarios typically occupies
only a small, albeit crucial, fraction of the visual eld, our foreground robotic-
arm encoder therefore applies a higher spatial compression rate to its feature
representation to better match its limited spatial footprint, resulting in a more
compact latent representation. Speci cally, we stack four spatial downsampling
blocks together with two temporal downsampling blocks, achieving an overall
compression ratio of 4 (16 16) (temporal spatial). We set the number of
latent channels to 4, which further reduces spatial redundancy while preserv-
ing the most informative arm-centric details, yielding a compact and e cient
robotic-arm latent representation for downstream modeling and control.

Background Environmental Context Encoder For the background envi-
ronmental context encoder, we adopt an architecture similar to the foreground
robotic arm encoder. However, in embodied manipulation scenarios, the rst-
person perspective introduces substantial temporal redundancy in the back-
ground, which we leverage by applying a more aggressive temporal compression
strategy. Speci cally, we stack three spatial with three temporal downsampling
blocks to acheive a 8 (8 8) (temporal spatial) compression and we also set

the latent channels to 4, e ectively reducing the temporal redundancy and yield-
ing a temporal compact environment latent representation.

Uni ed Reconstruction Decoder As illustrated in Figure 2, the decoder con-

sists of two components: a dual-head module and a shared tail module. In the
dual-head module, the robotic arm and environment latent representations are

upsampled independently. The arm head performs stronger spatial upsampling,

whereas the background head emphasizes temporal upsampling. When both la-
tent representations reach the same resolution, we concatenate them along the
channel dimension and feed the merged latent into the shared tail decoder to
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reconstruct the complete video. The whole work ow can be formulated as:

R=D(Z am;iZen); (2)
Zam =R(E am (X));  Z env = R(E env(X)): 3)

Here, X and X denote the reconstructed and input videos, respectively, and
Zam ; Zenv denotes the two latent representations. D(); Eam () and E eny () rep-
resent the decoder and the two encoders, while R() denotes the latent regular-
izer. To mirror the architectures of the robotic-arm encoder and the environmental-
context encoder, the unied decoder stacks multiple 2D and 1D upsampling
blocks integrated with the AlphaBlender operator de ned in Eq. (1); the input
and output layers use 3D convolutions, and the second layer incorporates a 3D
attention block to ensure architectural completeness and consistency of VAE.

3.2 OT-based Motion Consistency Module

The motion of the robotic arm carries the essential information in embodied
manipulation scenarios, re ecting the interactions between the embodied agent
and its environment in a ne-grained, time-varying manner. However, the tem-
poral compression used in existing video VAEs often causes motion details to be
lost during the latent encoding and reconstruction processes. This loss of motion
information in the latent space impairs downstream robotic arm action control
that relies on these latents for accurate, consistent decision making.

To maximize the preservation of motion information in the resulting compact
latents, we introduce an Optimal-Transport-based Motion Consistency Module.
Our design is inspired by the observation that stable motion patterns in videos
maintain visual invariance [45], meaning that visual correspondences between
patches remain coherent across consecutive frames. Such temporal visual invari-
ance re ects the intrinsic stability of motion dynamics. Our module leverages
this property to encourage the latent representations to remain motion con-
sistent over time by minimizing the information transport cost across latent
frames. This constraint is applied to the latent space of the robotic arm encoder,
guiding it to stabilize capture temporally coherent motion dynamics, since its
corresponding decoder is discarded after training as introduced in Section 3.3.

Optimal Transport (OT) is a mathematical framework to measure how much
e ort it takes to transform one distribution into another [36], and has proven
e ective in vision tasks such as semantic correspondence [26] and visual place
recognition [19] by facilitating coherent alignment of feature distributions. Specif-
ically, let the latent distributions at timestamp t , and t; be ,; 4 over the latent
space Z. The Kantorovich optimal transport plan [36] between distribution
and distribution g isacoupling pq 2 ( p; ) that minimizes the following
expected transport cost under the standard OT formulation:

A

zarg  min C(zp; 2g)d (Z p; Zg); 4)
2( pia)
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where c(; ) denotes the transport cost and ( ,; ¢) is the joint distribution.
Due to the discrete nature of video pixels, hg,re we model the Iaﬁgnt distribu-
tion as discrete probability distributions: ;= 2, & x, andpq= = by,
where , denotes the Dirac measure [13] at x satisfying f(X) x, (X)dx =
f(xi), and A = fa ;g';B = fb;g" represent the corresponding probability
masses. As the similarity between two latent representations roughly encodes
the likelihood of content correspondence across time, consequently, we design
the cost function c(; ) as the negative similarity between these two latent slices:

. hZ,[i]; Z q[jli
=5 = 2l ©)
where Z,[i] denotes the latent feature at position i and d is the channel di-
mension. Building upon this, and following [10], we can reformulate the optimal
transport problem in Eq. (4) into an entropy-regularized formulation:

X
T’ =arg min Ty c(i;j) + H(T);
i (6)
st. Tl= ;;T71= 4

where H(T) = P i Ti (logTj 1) denotes the entropy regularizer, and "
controls the strength of regularization during optimization. The matrix T repre-
sents the discrete optimal transport plan that minimizes the information trans-
port cost between two latent distributions, serving as the discrete counterpart
of 7 in this setting. We compute T using the Sinkhorn-Knopp algorithm [10],
a di erentiable and e cient approximation to the Hungarian algorithm [30] in
practice. After obtaining T, we de ne the motion consistency loss to enforce
temporal stability and visual invariance under smooth motion as follows:

LN X
L motion = N qu T pyg Zpk+ KTT ~ Ik @)

p=1 g=p

Here, controls the temporal window for alignment, and balances the permu-
tation regularizer KTT > Ik, which regularize T to approximate a one-to-one
correspondence as closely as possiblemion promotes temporal consistency
by minimizing feature misalignment guided by the optimal transport plan com-
puted above. To further analyze the behavior of Lnetion , We present the following
proposition, with details provided in Appendix A for completeness.

Proposition 1. Let 17 denote the OT plan obtained by the Sinkhorn Knopp
algorithm after row normalization. Denote j? = arg max; S; and de ne the

margin ; =Sj» max je=? Sj, we haveT‘i'-j’ 2 # with a constant a.

Proposition 1 implies that when latent features exhibit clear separability across
frames and the motion remains temporally smooth, the transport matrix T will

converge toward a nearly permutation-like structure, re ecting a strong motion
temporal consistency. In contrast to a similarity matrix that encodes only local
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pairwise a nities, the optimal transport plan T establishes a global alignment
between distributions, capturing coherent many-to-many correspondences that
account for all pairwise relations across time [10, 19] more e ectively.

3.3 Two-stage Training Strategy

The speci c training strategy of our proposed novel EmbodiedVAE consists of
two training stages. In the rst training stage, the two encoders are obtained,
while in the second training stage, we train the uni ed decoder.

First training stage. In the rst stage, our objective is to train the robotic

arm encoder to capture ne-grained motion of the manipulator, while the en-
vironmental encoder preserves scene context. To achieve this, we rst generate
robotic arm masks using SAM2 [33] guided by Grounding DINO [34] with the
text prompt robotic arm . It is worth noting that these masks are used only
as auxiliary supervision during training; once trained, EmbodiedVAE can auto-
matically disentangle motion and context information without relying on masks.
The training target loss for the robotic arm is de ned as:

Lam =Lvrec*t L moton + L kL + L aux; (8)

where the reconstruction 10ss Lec = k(X X) M)k, and M 2 f0; 1g THW

is the pre-built binary robotic arm mask. L . denotes the KL divergence loss
term that dened as L. = KL(N(u ,; 2)KN(O; 1)), and L 5 represents the
auxiliary loss term which we further combine from the standard adversarial loss
and the feature-level perceptual loss [38]. ; ; is the hyperparameters. As for

the training of the environmental context encoder, the overall loss is de ned as:

Lenv=Lyrect+ L kL + L aux; ()]
where the reconstruction loss Lec = k(X X) (1 M)k and the other loss

terms are the same as those used for training the robotic arm encoder in Eq. (8).

Second training stage After the rst training stage, we freeze the two pre-
trained encoders from the robotic-arm and environment-context branches with a
very low learning rate while discarding their decoders. We then train the uni ed
decoder, which is introduced in Section 3.1, with the following loss:

Lunied =Lrec+ L ke + L auxs (10)

where the reconstruction loss termLec = kX Xk, and the remaining terms are
identical to the rst training stage introduced in Section 3.3.
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3.4 Action-controlled Video Generation

Our EmbodiedVAE can be seamlessly integrated with most existing LDMs, en-
abling the e cient and controllable downstream robotic action-controlled video
generation. To demonstrate this integration, we adopt IRASIm [59], a DiT-style
LDM that functions as the robotic manipulation world model, as an example
in our experiments. In this setup, the latent representations of the robotic arm
and the environmental context, Z;m and Zen,, are rst converted into two se-
quences of tokens with the same hidden dimension. Both latent representations
are processed through the same di usion procedure using shared DIiT param-
eters, ensuring that no additional computational overhead is introduced. To fa-
cilitate e ective interaction between the two complementary latent streams, we
insert a cross-attention layer after every k transformer blocks, where k = 2.
This design enables adaptive information exchange between the arm and back-
ground representations. For example, the arm motion can be adjusted based
on nearby objects, while the environment representation accounts for motion-
induced changes such as lighting and shadows. This interaction results in globally
consistent scene dynamics and locally accurate motion generation.

4 Experiments

4.1 Experiments Setup

Datasets. We train our proposed EmbodiedVAE on a self-collected dataset of
approximately one million robotic manipulation videos, aggregated from Rob-
Net [11], RobSet [2], BC-Z [20], RH20T [14], and DROID [22], covering di-
verse manipulation behaviors across multiple environments. Robotic arm masks
are automatically generated for each video using SAM2 [33] and Grounding
DINO [34] with the text prompt robotic arm . For evaluation, we use Agibot-
2025 [21] and Bridge [43] for video VAE reconstruction tasks, and RT-1 [5] and
Bridge [43] for action-conditioned robotic manipulation video generation.
Baselines. (1) For reconstruction task evaluation, we compare our Embodied-
VAE with several state-of-the-art high-compression video VAEs that also achieve

Table 1: Quality comparison with eight baselines on the video VAE reconstruction
task, evaluated on two datasets using four metrics. The best results are highlighted in
bold, and the second-best results are underlined.

Datasets \ Agibot-2025 [21] \ Bridge [43]
Method \Com. Rate#\ PSNR" LPIPS# SSIM" FVD# ‘ PSNR" LPIPS# SSIM" FVD#

OpenSoraPlan [24] 1.04% 30.7553 0.0834 0.9257 290.2550 | 30.3755 0.1098 0.8948 340.5284
Cosmos [1] 2.08% 28.2329 0.1520 0.8778 889.775[727.8812 0.1916 0.8386 715.6345
iVideoGPT [49] 1.50% 29.2503 0.1060 0.9096 760.648928.3325 0.1447 0.8738 522.1818
MAGVIT-v2 [55] 0.65% 27.1014 0.2203 0.7197 849.5068326.8635 0.2396 0.6986 549.9939
Vidtwin [47] 0.20% 30.8263 0.1216 0.9202 443.197629.7386 0.1679 0.8531 585.8065
EMU-3 [46] 0.53% 28.9081 0.1064 0.8926 599.892(127.5814 0.1517 0.8317 736.5338
CV-VAE [58] 0.53% 30.2767 0.1018 0.9128 392.684£29.8419 0.1330 0.8789 418.8394
CMD [56] 6.85% 31.4030 0.1086 0.8995 439.901(31.3764 0.1115 0.8996 358.6915

EmbodiedVAE ‘ 0.39% |31.6745 0.0723 0.9345 368.5511 |30.6957 0.1060 0.9017 309.7604
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good reconstruction quality, including OpenSoraPlan [24], MAGVIT-v2 [55], and
CV-VAE [58] with continuous latents; EMU-3 [46] and Cosmos [1] as discrete
token-based models; and approaches that decouple videos into multiple latent
spaces, such as CMD [56], iVideoGPT [49], and VidTwin [47]. (2) For down-
stream video generation in action-controlled robotic manipulation, we compare
EmbodiedVAE with several representative VAEs. Speci cally, we include high-
delity video VAEs such as Wan-VAE [44] and Cog-VAE [54]; high-compression
VAEs including OpenSoraPlan [24], EMU-3 [46], and CV-VAE [58]; and models
that decouple videos into multiple latent components, such as VidTwin [47] and
CMD [56]. In addition, we evaluate the 2D image VAE SDXL [31] from Stable
Di usion, a strong baseline that encodes videos frame by frame, retaining full
temporal information without temporal compression by a non-compact latent.
Metrics. Following [38,59], we evaluate all methods on video reconstruction and
action-conditioned video generation for robotic manipulation using PSNR [18],
SSIM [48], LPIPS [57], and FVD [40]. E ciency is assessed by the VAE com-
pression rate [35, 38], de ned as the ratio of latent to original video dimensions.
Implements. We train EmbodiedVAE on 8 fps, 16-frame video clips at a resolu-
tion of 256 256, and evaluate it on 16 fps, 16-frame clips of the same resolution
for reconstruction tasks. The model is trained using 8 NVIDIA A800 GPUs.

4.2 VAE Reconstruction Quality

In the video VAE reconstruction ex-
periments, we comprehensively com-
pare the proposed EmbodiedVAE
with all baseline methods in terms
of both reconstruction quality and
compression rate, and the results are
summarized in the Table 1. As we
can seen, the proposed EmbodiedVAE
achieves the best overall reconstruc-
tion performance across both datasets
(except for PSNR on the Bridge
dataset) while maintaining a competi-
tive compression rate of 0.39%. In par-
ticular, EmbodiedVAE achieves the
highest PSNR of 31.6745 in Agibot-
2025, while its compression rate is
nearly 1/20 of that of the runner-up
baseline CMD, demonstrating supe-
Fig. 3: Comparison of the video VAE re- rior reconstruction delity under high
construction quality between the pro- compression rate. We further present
posed EmbodiedVAE and existing repre- g qualitative example in Figure 3,
sentative baseline_ methods. Results are \yhere EmbodiedVAE produces sub-
shown from the Agibot-2025 [21] dataset.  gyaniially clearer reconstructions of

robotic arm details with a high compression rate compared with baselines. In
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Table 2: Quality comparison with seven baselines on the downstream action-
controlled video generation in robotic manipulation scenarios using four met-

rics. The best results are highlighted in bold, the second-best results are underlined ,
and value’ denotes results obtained with the image VAE baseline used during both
training and inference, which is without any temporal compression.

Datasets | RT-1 [5] | Bridge [43]
Method | Com. Rate_ | PSNR* LPIPS_ SSIM* FVD_ |PSNR* LPIPS_ SSIM* FVD_

SDXL [31] | 832% [23.1986 0.1901 0.8074 761.7837|22.3624 0.1753 0.7915 455.7345°
OpenSoraPlan [24]] 1.04% |21.6494 0.2486 0.7432 958.078421.0405 0.2376 0.7577 785.5559

Emu3 [46] 0.53% |21.6749 0.2456 0.7286 1049.29320.8573 0.2506 0.7053 986.3582
CV-VAE [58] 0.53% |20.3296 0.3047 0.6859 2529.31939.3068 0.3544 0.6568 1829.7292

CMD [56] 6.85% |20.9454 0.2560 0.7671 2644.72020.1799 0.2521 0.7419 1464.6843

Vidtwin [47] 0.20% 21.1037 0.3710 0.6697 1824.33820.4466 0.3438 0.6889 1690.1818
Cog-VAE [54] 2.08% |21.2231 0.2174 0.7907 1135.69121.6951 0.2095 0.7807 1302.4434
Wan-VAE [44] 2.45% | 22.7334 0.1848 0.8138 802.2071|22.1690 0.1601 0.8211 548.9621
EmbodiedVAE | 0.39%  [24.7082 0.1707 0.8263 716.3273 [24.2484 0.1409 0.8366 631.6450

Fig. 4: Qualitative comparisons of action-conditioned world models for robotic
manipulation trained under the same setup, where the only di erence lies in the VAE
used for latent representations: our EmbodiedVAE versus representative video VAESs.
Results on the left are from RT-1 [5], and results on the right are from Bridge [43].

particular, baselines such as VidTwin fail to preserve ne-grained robotic arm

visual cues like electrical components, whereas our EmbodiedVAE successfully
reconstructs these critical details.

4.3 Controllable Studies : Robotic Manipulation World Model

We evaluate EmbodiedVAE on action-conditioned video prediction for robotic
manipulation using IRASIm [59], with the LDM backbone xed to IRASIm-L
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(461M) and only the VAE component varied during training and inference (De-
tails are in Appendix C). As shown in Table 2, our EmbodiedVAE signi cantly
outperforms the widely recognized Wan-VAE and Cog-VAE on this task, achiev-
ing a notable improvement of 2.02 PSNR over the runner-up video VAE (Wan-
VAE). It is worth noting that EmbodiedVAE even surpasses the SDXL [31], a
powerful image-based VAE without temporal information compression. Exam-
ple analysis in Figure 4 further show that EmbodiedVAE can accurately predict
robot-environment interactions, while competing video VAEs (e.g., Wan-VAE)
often produce visually plausible yet physically inconsistent motions. These ad-
vantages are attributed to our disentangled design, which enables precise action
injection without interference from irrelevant factors, and the consistency loss
further preserves the motion dynamics despite time compression.

4.4 Ablation Studies

We conduct an abla- Table 3: Ablation studies on both the video VAE reconstruc-
tion study to evalu- tion (Recon.) task and the downstream action-controlled
ate the e ectiveness Video prediction for robotic manipulation task ( Manip. ).

of the proposed OT-  Task | Methods |PSNR" LPIPS# |PSNR" LPIPS#
based motion consis- | Datasets | Agibot-2025 [21] |  Bridge [43]

tency 10SS Limotion i EmbodiedVAE | 31.6745 0.0723| 30.6957 0.1060
both the video VAE  Recon.| y; vask |31.1812 0.0728 | 29.6680 0.1211
reconstruction task and W/O L moion | 31.0213  0.0835 | 29.9769  0.1087

the downstream action- | Datasets | RT-1[5] | Bridge [43]

conrolled video pre- _ |EmbodiedVAE | 24.7082  0.1707| 24.2484  0.1409
diction task. As shown  Manip. | 5 \ask | 23.8044 0.1904 | 23.7306  0.1705
in Table 3, this mod- WO L motion | 23.8187  0.1863 | 23.9726  0.1643
ule consistently im-

proves both tasks, with larger gains in the downstream manipulation setting.

4.5 Disentangle Studies

We visualize the

decoded outputs

of each branch in

Figure 5. As ob-

served, the arm

branch captures

the robotic mo-

tion, while the en-

vironment branch

models the global

scene structure, re-

sulting in disen- ) ) .
tangled latent rep- Fig. 5: Disentanglement analysis on the Agibot-2025 [21] dataset.

resentations that facilitate e cient and controllable downstream tasks.
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Fig. 6: Comparison of our proposed EmbodiedVAE and baselines on downstream train-
ing e ciency using the Bridge [43] dataset. The reported time corresponds to 1000
training steps with pre-encoded latents [54] from 256 O 256, 16-frame videos(17 for
Wan-VAE due to its characteristics).

4.6 Eciency Studies : Downstream LDM Training Time Analysis

To investigate the e ciency bene ts of the compact latents introduced by Em-
bodiedVAE in downstream LDM training, we measure the training time and
memory consumption of our model in the downstream robotic manipulation
world model, also using IRASIm-L [59] as an example. The results are reported
in Figure 6. The reported values are measured after the pre-encoding opera-
tion, where the latents of the training data are precomputed following previous
works [54,59]. As observed, the compact latents produced by our EmbodiedVAE
e ectively reduce resource consumption during downstream training.

5 Conclusion

We present EmbodiedVAE, a high-compression and controllable video VAE tai-
lored for embodied manipulation. To enable e cient and high-quality down-
stream action control, EmbodiedVAE disentangles videos into two complemen-
tary latents via a dual-encoder, single-decoder architecture with asymmetric
compression. An OT-based motion consistency module further encourages co-
herent robotic motion preservation. The resulting arm and environment latents
enable precise condition injection. Extensive experiments on video reconstruction
and action-conditioned manipulation show the e ectiveness of EmbodiedVAE.
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A Proof

To demonstrate the proposed Proposition 1, we rstintroduce the Sinkhorn Knopp
algorithm.

A.1 Preliminary: Sinkhorn-Knopp Algorithm

The Sinkhorn-Knopp algorithm is a classical method for e ciently solving dis-
crete optimization problems, and is particularly well-suited for computing the
optimal transport (OT) distance between two discrete probability distributions.
In the context of OT, [10] introduced an entropy-regularized formulation that en-
ables fast and stable computation. Speci cally, entropy regularization smooths
the feasible domain of the original OT problem, transforming it into a di er-
entiable matrix-scaling (or permutation) problem. The resulting objective can
then be e ciently optimized via the Sinkhorn iterative normalization procedure,
which yields an approximate yet accurate solution to the original OT objective.
Formally, the entropy-regularized OT problem reformulates as:

X
T’ =arg min- Ty c(i;j) + H(T);
i 1)
st. Tl= ,; T 1= g

where T denotes the transport matrix between the source distribution |, and
the target distribution ¢, c(i;j) represents the transport cost between elements
i and j, is the entropy regularization coe cient, and H(T) denotes entropy
term encouraging smoothness in the transport plan. From the perspective of
probability and information theory, a uniform distribution has the maximum
entropy. Therefore, entropy regularization will make the optimal transfer matrix
T7? closer to a uniform distribution. Then Eq. (1) can be solved by adopting the
Sinkhorn-Knopp Algorithm.

Sinkhorn iterative solution. Suppose we have two marginal distributions
represented by vectors @ 2 R% and a, 2 R%. We initialize them as:

Lo, 0 2 Lo,
dl L Vv d2 L
where 13 denotes a d-dimensional all-ones vector. The Sinkhorn iteration alter-
nately updates the scaling vectors as:

a® =

)

k+1 u . k+1 \ .
a ———a — 3)
Y Kak' K> ak
where the kernel matrix Kisde nedas K =e € i ,and Cis the transport cost
matrix with entries C j measuring the pairwise cost between the i-th element
of the source distribution and the j-th element of the target distribution. After

convergence, the optimal transport plan is obtained as:

T ? = d|ag(a U)Kd|ag(a V)v (4)
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and the corresponding minimal transport distance (i.e., the optimal transport
cost) is:
D? =hT?;Ci; (5)

P
where h; i denotes the Frobenius inner product, i.e., hT;Ci= ~ , T7Cjy.

A.2 Proof of Proposition 1
Here, we rst restate the proposition as follows:

Proposition 1. Let 17 denote the OT plan obtained by the Sinkhorn Knopp
algorithm after row normalization. Denote j? = arg max; S; and de ne the

margin ; =Sj» max je=? Sj, we haveffj’ ? # with a constant a.

P
Proof. For the row-normalized OT plan T2, we have i ﬂ’ = 1. According to
Eq. (4), the following holds:

2

e ©
J ]
St = ™
i ( v)j eSi
T o7 ); el® 171 ®)
ﬁ ©)

where the inequality in Eq. (9) follows from the fact that for any | %z j7, we have

Siz Sy i, andtherefore & 17° 17 e =" Here, g =

6= ( V)]i? !
This completes the proof.

B Compression Rate Computation

We de ne the compression rate of visual autoencoders in the same manner as in
previous work [25,47,51]. The formal de nition is given as follows:

De nition 1 (Compression Rate of VAEs). Let x 2 R HWTC denote
the input video with spatial resolution (H; W), temporal length T, and channel
dimension C. Let z 2 RH°W °T °C ° denote the corresponding latent represen-
tation produced by the VAE encoder. The compression rate R is de ned as the
ratio between the total number of latent variables and that of the input video,
ie.,

_ HOWOTCO

HWTC (10)
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A smaller r indicates a higher compression level, implying that fewer latent

tokens are used to represent the same visual information, thereby making the
training of downstream video generative models more e cient. The compression

rate of the proposed EmbodiedVAE and all baseline models is computed as
follows:

Compression rate of EmbodiedVAE (ours): The proposed Embodied-

VAE employs a dual-encoder architecture that produces two complementary
latent representations. Speci cally, the robotic-arm encoder applies a tempo-
ral downsampling factor of 4 and a spatial downsampling factor of 16, while
the environment-context encoder uses a temporal downsampling factor of 8
and a spatial downsampling factor of 8. Both latent spaces have a channel
dimension of 4, leading to an overall compression rate of:

I'EmbodiedVAE

= 4 + 4 (]_]_)
3 (4 16 16) 3 (8 8 8)

0:39%:

Compression rate of OpenSoraPlan-VAE [24]: OpenSoraPlan-VAE ap-
plies a temporal downsampling factor of 4 and a spatial downsampling factor
of 8, with the latent channel dimension of 8 resulting in a compression rate

of:
8
lOpensoraPlan-VAE = W 1:04%: (12)

Compression rate of Cosmos [1]: We adopt the Cosmos-Tokenizer, specif-
ically with CV4x8x8 , which applies a temporal downsampling factor of 4
and a spatial downsampling factor of 8, with a latent channel dimension of
16, resulting in a compression rate of:

I Cosmos = ﬁ 2:08%: (13)
Compression rate of iVideoGPT [49]: iVideoGPT adopts a distinct com-
pression strategy, where the rst ty context frames are encoded using fto-
kens, while the subsequent frames are represented with fewer tokensg g n g.
Based on the con guration reported in the original paper, the overall com-
pression rate is computed as:

2162 64+14 4 2 64
3 16 256 2 (14)
1:50%:

Compression rate of MAGVIT-v2 [55]: MAGVIT-v2 applies a temporal
downsampling factor of 4 and a spatial downsampling factor of 8. The latent
channel dimension is set to 5, as reported in the original paper, resulting in
a compression rate of:

l'iVideoGPT

5
IMAGVITv2 = W 0:65%: (15)
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Compression rate of VidTwin [47]: Vidtwin decouples the input video
into two latent representations of sizes 7 7 16 4 and 16 14 8, for an
input video clip of size 16 3 224 224. Accordingly, the overall compression
rate is computed as:

L _77164+16 14 8
vidTwin = 3 16 224 224 (16)
0:20%;

Compression rate of EMU-3 [46]: Similar to MAGVIT-v2, EMU-3 achieves
a 4 temporal compression and an 8 8 spatial compression. With a latent
channel dimension of 4, its compression rate is computed in the same manner
as: 4

remus = =——————— 0:53%: 17

EMU-3 3 (4 ) 8) 0 ( )

Compression rate of CV-VAE [58]: In terms of compression rate, CV-
VAE matches EMU-3, achieving a 4 temporal compression and an 8 8
spatial compression. Accordingly, its compression rate is identical to EMU-3:

4
fcv-vae = W

Compression rate of CMD [56]: CMD decouples video representations
into content frames and motion latents. For a video of size (C;F;H; W),
the content frame has dimensions (C;H;W), while the motion latent has
dimensions (D;H + W;F), where D denotes the dimension of the motion
vector. Based on the con guration reported in the paper, the compression
rate is computed as:

0:53%: (18)

r _1,D (H+W)
CMD T ETCH W (19)
1 2 224 32

= —+ o———F-— 6:85%:

16" 3 224 224 %%
Compression rate of SDXL [31]: SDXL is an image-based VAE that
encodes videos frame by frame without any temporal compression. Each
frame is encoded with an 8 8 spatial downsampling factor and a latent
channel dimension of 16. Thus, the overall compression rate is computed as:

_ 16
l'spxL = 388
Compression rate of Cog-VAE [54]: Cog-VAE applies a 4 temporal
downsampling and an 8 8 spatial downsampling, resulting in a latent rep-
resentation with a channel dimension of 16. Accordingly, the overall com-
pression rate is computed as:

8:32%: (20)

16
rCog-VAE = W 2:08%: (21)
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Compression rate of Wan-VAE [44]: Wan-VAE, similar to Cog-VAE,
applies a 4 temporal downsampling and an 8 8 spatial downsampling,
resulting in a latent representation with a channel dimension of 16. However,
it encodes and decodes the rst frame independently. For a video of 4T +1
frames, the model produces T + 1 latent representations. Takinga 3 17
256 256 video clip as an example, the compression rate is computed as:

16 5 32 32
e = 2:45%: 22
Wan-VAE = 37977556 256 ° (22)

C Experiment Details

C.1 Details about the VAE Reconstruction

Implement Details We adopt a self-curated dataset containing approximately

one million videos, each accompanied by pre-generated robotic arm masks ob-
tained using SAM2 [33] and Grounding DINO [34] with the text prompt Robotic
Arm . Our model is trained on 3 fps, 16-frame, 256 256 video clips and evaluated
on 16 fps, 16-frame, 256 256 video clips. Training is conducted on 16 NVIDIA
A800 GPUs (40 GB). The detailed training con guration is provided in Table 1,
where perception  denotes the weight of the perception loss [38], andgan denotes
the weight of the standard GAN loss, while represents the weight of the KL
divergence term and corresponds to the weight of the OT-based consistency
loss.

Baseline Details For the baselines including OpenSora [24], Cosmos [1],
iVideoGPT [49], VidTwin [47], EMU-3 [46], CV-VAE [58], Cog-VAE [54], and
Wan-VAE [44], we adopt the o cial checkpoints and implementations provided
in their repositories. For MAGVIT-v2 [55] and CMD [56], since o cial code
and pretrained checkpoints are not publicly available, we re-implemented these
methods based on the descriptions in their respective papers.

C.2 Details about Action-Controlled Video Prediction for Robotic
Manipulation

Task Description Video generative models have recently demonstrated strong
potential as world models. When training such models for robotic manipulation,
it is crucial to accurately simulate the complex interactions among the robot,
manipulated objects, and the surrounding environment. In this task, we eval-
uate whether the models can generate realistic videos that depict ne-grained
robot object interaction dynamics, given a sequence of historical observations
and a corresponding action trajectory.
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Table 1: Training Con guration.

Parameter | Value
Input Video Resolution 256 256
Input Video Frames 16
Input Video FPS 3
Adam Optimizer 1 =09, ,=0:99
First Training Stage
Learning Rate 1.0 10 °®
wegiht decay 1:0 10 ¢
perception 1.0 10 0
GAN 5:0 10 3
1:0 10 ©
1.0 10°
Second Training Stage
Learning Rate (Decoder) 1:.0 10 °
Learning Rate (Encoder) 1.0 10 ®
perception 1.0 10 0
GAN 5:0 10 3
1:0 10 ©

LDM Backbone To ensure fairness, we adopt IRASIim-L (461M) [59] as the
downstream LDM backbone for all robotic manipulation video prediction ex-
periments, while the only di erence lies in the choice of VAEs (including our
proposed EmbodiedVAE and the baseline models) used during training and
inference. IRASIm is a DiT-style model that incorporates a novel frame-level
action-conditioning module within each transformer block, explicitly modeling
and strengthening the alignment between every action and its corresponding
video frame. IRASIm provides four model scales: (1) IRASIm-S with 12 layers
and a hidden size of 768, (2) IRASIm-B with 12 layers and a hidden size of 768,
(3) IRASImM-L with 24 layers and a hidden size of 1024, and (4) IRASim-XL with
28 layers and a hidden size of 1152. To balance performance and computational
resource consumption, we adopt IRASIm-L, which contains 461M parameters,
for all robotic manipulation experiments.

Implement Details Action Condition Injection As di erent VAEs exhibit
varying temporal compression rates, we detail the action-injection strategies ap-
plied to each VAE's latent representations for IRASIm as follows:

For our proposed EmbodiedVAE, given a sequence of T 1 action vectors
A2RTDd  where d denotes the action dimension, each action represents
the relative motion with respect to the rst frame. We rst pad a zero vec-
tor to align the sequence with the T video frames, obtainingf 2 R T¢ . A
learnable 1D convolution is then applied to temporally downsampleA into
A.m 2R79 | which is injected into the latent representation of the robotic
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Fig. 1: Additional examples of VAE reconstruction tasks on the Bridge [43] dataset.

arm, Zam . Subsequently, another 1D convolution is used to further down-
sample,& arm iNto Aepy 2 REd , representing the environmental actions that
are injected into the latent representation Zp, . Both latent representations
share the same di usion process and LDM parameters.

For the OpenSoraPlan-VAE [24], Emu3 [46], CV-VAE [58], and Cog-VAE [54]
which resulting the latent with 4 temporal downsamlping, the same as our
EmbodiedVAE we adopting the 1D convolution to downsampleing the A
into Aa“gn 2R7TY to provide aligned actions.

As for Wan-VAE [44], since it encodes the rst frame independently, we
follow its encoding strategy when injecting action information. Given T +
1 frames, we apply a 1D convolution to the actions of the last T frames,
downsampling them into % action conditions. These are then concatenated
with the rst-frame action, yielding the aligned action sequence Aangn 2
R(1+ TT)d .

For CMD [56], since it decouples the input into a content latent without

a temporal dimension and a motion latent without temporal compression,
we follow the original paper and employ two independent di usion processes
to denoise the motion and content latents, each modeled by an IRASIm
DiT architecture of the same design. We apply the complete action sequence
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Fig. 2: Additional examples of VAE reconstruction tasks on the Agibot-2025 [6]
dataset.

A2RT9 tothe motion di usion branch, as the motion latent preserves the
full temporal resolution. For the content di usion branch, we use the content
latent representations of the historical frames as conditional inputs to guide
the generation.
For VidTwin [47], it produces three latent representations: a structure la-
tent Zg 2 R4 Th sW s and two dynamics latents, Ziy 2 R% Th o and
Z¥ 2 R% TW o Following the procedure described in the original paper,
we apply two independent patchi cation modules to convert both dynam-
ics latents into sequences of tokens. These token sequences are normalized
and aligned to a comparable scale, then concatenated along the temporal di-
mension. Finally, the complete action sequencd is injected into the latent
representations.
For SDXL [31], the o cial VAE used in IRASIm [59], we follow its default
con guration and represent actions as relative motion with respect to the
rst frame.

In this way, we ensure fairness by injecting the action conditions consistently
across all models. For CMD, we adopt two independent di usion processes to
denoise its motion and content latents separately, following the o cial imple-

mentation [56]. In contrast, a single di usion process is employed in all other
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