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Abstract—Effective robot learning requires diverse and re-
alistic data, yet collecting such data is expensive and often
embodiment-specific. As a result, existing datasets are frag-
mented across embodiments. While prior work has explored
cross-embodiment transfer, it remains challenging due to the
large visual gap between robots, especially under third-person
viewpoints. We propose UniLatent, a cross-embodiment transfer
framework based on observation alignment. UniLatent renders
motion-aligned views of different robots in simulation and aligns
their visual encoders so that embodiment-specific observations
map into a shared latent space. Policies trained in this latent
space transfer efficiently across robots without explicit pixel-
level translation. Across simulation and real-world experiments,
UniLatent outperforms pixel-translation baselines by over 30%
on average and enables effective few-shot real-world transfer.

Index Terms—cross-embodiment transfer, visual representa-
tion learning, imitation learning, manipulation.

I. INTRODUCTION

Large-scale and diverse data is a key driver of recent
progress in robot learning [1, 2], and recent efforts have pro-
duced several sizable manipulation datasets [3–5]. However,
existing data is highly imbalanced across embodiments and
concentrated on a small set of popular robots, while many
other arms and grippers remain underrepresented. Moreover,
much of existing data is collected via teleoperation, making
it inherently tied to specific robot embodiments. Meanwhile,
real-world robot data collection is costly and embodiment-
specific, since demonstrations depend on the robot’s morphol-
ogy, appearance, end-effector geometry, and kinematics. As
hardware continues to diversify, recollecting data for each new
embodiment does not scale, motivating methods that reuse
existing demonstrations—particularly teleoperated data—and
generalize to unseen robots.

A key challenge in cross-embodiment transfer is the visual
gap between robots with different morphologies, which often
leads to significant performance degradation when deploying
a vision-based policy on a new robot [6, 7]. This issue is
particularly pronounced under third-person viewpoints, where
the robot occupies a large portion of the image. Prior work
addresses this gap through image editing or generative trans-
lation, modifying demonstration frames via masking [8], in-
painting [6], or diffusion [7] to match the target robot’s visual
domain. However, such pixel-space translation is inherently
brittle: errors in segmentation, inpainting, or generation intro-
duce systematic artifacts, and the resulting images often form
a separate synthetic domain that policies may overfit to.

To address this challenge, we propose UniLatent, a cross-
embodiment transfer pipeline that maps observations from
different robots into a shared latent space, enabling a policy
trained on source data to transfer to a target robot in a few-
shot manner (Fig. 1). The core idea is to learn embodiment-
invariant visual features using simulation-rendered paired data.
Specifically, we render large-scale paired images in which
source and target robots execute matched actions under the
same camera, while randomizing backgrounds, lighting, and
scene factors. We instantiate a pretrained vision model as a
fixed target encoder and train a source encoder to match its
representation by aligning embeddings of paired images. After
alignment, source demonstrations are projected into the shared
latent space and used to train a latent-space policy, which is
deployed on the target robot using the target encoder, avoiding
pixel-level translation entirely.

Contributions.: (1) A simulation-based pipeline that ren-
ders large-scale paired observations for different robots ex-
ecuting matched actions, providing reliable supervision for
aligning visual encoders across embodiments. (2) A latent-
space policy learning framework that achieves ∼30% higher
success on average than pixel-space translation baselines in
simulation zero-shot transfer, and enables effective real-world
few-shot transfer with only 10 target demonstrations.

Related work.: Prior visual domain adaptation for
robotics, including domain randomization [9], photometric
editing [10–12], and generative augmentation [13–15], largely
assumes a fixed embodiment and attributes domain gaps to
environmental factors. A second line of work learns robot-
generalist policies through multi-robot co-training [16–19],
shared action abstractions [20, 21], or embodiment condition-
ing [22], typically requiring large-scale multi-robot datasets.
Most closely related are cross-embodiment transfer methods
that bridge the visual gap via test-time cross-painting (Mi-
rage [6]), diffusion-based augmentation (RoVi-Aug [7]), or
segmentation masking (Shadow [8]). These rely on accurate
image-editing components and can introduce artifacts that
corrupt the policy input. In contrast, UniLatent operates in
representation space and avoids pixel-level editing at both
training and deployment.

II. METHOD: UNILATENT

A. Problem Setup

We study robot-to-robot cross-embodiment imitation:
demonstrations collected on a source robot RS are used to
learn a policy for a target robot RT under minimal target-robot



Fig. 1: Pipeline overview of UniLatent. We render paired (source, target) observations {(o(S)
i , o

(T )
i )} for matched end-effector

poses and use them to align encoders by training ES to match a fixed ET in a shared latent space. A latent policy πθ is then
trained on source demonstrations and deployed on the target robot by encoding target observations with ET and calling πθ.

data. Each robot has RGB observations o(R) and end-effector
actions a(R). We assume access to M source demonstrations
{τi}Mi=1, where τ = {(oSt , aSt )}Tt=1, under a fixed camera. We
focus on single-arm manipulators with parallel-jaw grippers
that share an end-effector control interface. Robots may differ
in geometry, kinematics, and appearance. We do not assume
paired or time-synchronized cross-robot trajectories.

B. Pipeline Overview

UniLatent has four stages (Fig. 1): (i) generate paired obser-
vations {(oSi , oTi )} in simulation; (ii) align visual encoders into
a shared latent space; (iii) train a latent policy πθ on encoded
source demonstrations; (iv) deploy πθ on RT by encoding
target observations with the target encoder.

C. Paired Image Generation

We render large-scale paired frames in simulation, where
RS and RT execute matched actions under identical camera
setups. Our environment is built in IsaacLab [23] on top of
RoboVerse [24]. We sample over 10k end-effector poses {pi}
covering task-relevant regions of the reachable workspace,
solve inverse kinematics for both robots, and render images
under identical scenes. We apply domain randomization over
backgrounds, lighting, and object assets to obtain N paired
RGB images {(oSi , oTi )}Ni=1; the same randomized parameters
are applied to both images within each pair, preserving action-
level correspondence.

D. Observation Alignment

We initialize both ES and ET from the same DI-
NOv2 model [25], which provides strong visual features for
robotics [26, 27]. We keep ET frozen to anchor the latent
space, and train ES with an MSE loss on paired embeddings:

L =
∥∥ES(o

S
i )− ET (o

T
i )

∥∥2
2
. (1)

Anchoring to a fixed ET ensures a consistent test-time repre-
sentation for the target robot, prevents representation drift, and
lets ES adapt to embodiment-specific appearance differences.

E. Latent-Space Policy Training and Deployment

After alignment, we project source demonstrations into the
shared latent space using ES and train a policy conditioned
on latent observation histories. For each timestep t, we form
a window zSt−k:t = {ES(o

S
t−k), . . . , ES(o

S
t )} and predict the

next action chunk aSt:t+H−1 [28]. We instantiate πθ as a condi-
tional flow-matching model [29, 30]: sampling a0 ∼ N (0, I),
forming an interpolation au between a0 and the target a1 for
u ∈ [0, 1], and predicting a velocity field trained with

LFM = E
[
∥vθ(au, u | zSt−k:t)− v⋆(au, u)∥22

]
. (2)

At deployment, we encode oTt with the fixed ET to obtain zTt ,
query πθ on zTt−k:t, and integrate the learned flow from u=0
to u=1 with 10 Euler steps to produce actions executed by a
robot-specific controller. UniLatent is largely insensitive to the
policy architecture. We found that using Diffusion Policy [31]
variants yield similar trends.

III. EXPERIMENTS

We evaluate UniLatent in simulation for zero-shot cross-
embodiment transfer, and in the real world for few-shot
transfer.

A. Simulation Experiments

Setup.: We build three manipulation tasks on the Robo-
Verse [24] platform with Isaac Sim: (1) Close Box Lid (rotate
a box lid to close it), (2) Stack Cup into Bowl (pinch a
thin cup and insert it into a bowl), and (3) Kick Football
(push a small ball into a wire goal with gripper closed). See
Fig. 2. We use Franka as the source and transfer to xArm



Task & Setup Close Box Lid Stack Cup into Bowl Kick Football
Franka xArm Sawyer Franka xArm Sawyer Franka xArm Sawyer

Direct Policy Transfer 97% 2% 5% 80% 0% 0% 90% 1% 1%
UniLatent w/o observation alignment 97% 40% 16% 89% 3% 0% 93% 11% 1%
RoVi-Aug* 97% 93% 54% 89% 15% 5% 93% 60% 40%
UniLatent (Ours) 97% 93% 81% 89% 65% 51% 93% 89% 77%

TABLE I: Zero-shot cross-embodiment transfer in simulation. We train on Franka demonstrations and evaluate zero-shot
transfer to xArm and Sawyer across three manipulation tasks. Each entry is the success rate over 100 rollouts. UniLatent
consistently outperforms direct transfer, a generalist-encoder ablation, and the pixel-space translation baseline.

Fig. 2: Simulation tasks. Example frames from our simula-
tion experiments. Each row shows representative frames of a
Franka demonstration under a fixed third-person camera.

and Sawyer. For each task, we collect M = 300 teleoperated
demonstrations on Franka using DexCap [32], filter failed
rollouts, and render ray-traced RGB from a fixed third-person
camera with randomized initial object poses. We evaluate with
100 rollouts per task under an automatic success checker, with
object poses randomized independently from training.

Implementation details.: We render N ≈ 100k paired
images per target embodiment and fine-tune with an additional
10k task-specific paired frames per task. The policy is a
conditional UNet [33] flow-matching model with observation
history k=3 and action horizon H=8. The aligned ES is kept
frozen during policy training.

Baselines and ablations.: We compare against: (1) Direct
Policy Transfer using an MLP-based scratch encoder trained
end-to-end on source demonstrations and deployed on the
target without alignment; (2) UniLatent w/o alignment, which
uses a single shared DINOv2 encoder on both sides; and
(3) RoVi-Aug*, a strong pixel-space translation baseline we
construct by decoding the aligned source latents back to
the target domain using a pretrained Representation Autoen-
coder [34], o′ = DT (ES(o

S)), and training a pixel-space
policy on {(o′, aS)} (see Fig. 3 for decoded examples). We
found this decoding-based translation more stable than RoVi-
Aug’s image-to-image diffusion pipeline in our setting, making
it a strong proxy for RoVi-Aug [7].

Results.: Table I summarizes the results. Across tasks
and target embodiments, UniLatent consistently outperforms

Fig. 3: Decoding-based translation for the RoVi-Aug*
baseline. Columns: (1) source observation oS , (2) paired target
observation oT , (3) decoded translation o′=DT (ES(o

S)), and
(4) target reconstruction DT (ET (o

T )). Column 3 shows the
training inputs to the pixel-space baseline.

all ablations, reaching up to 93% success after transfer with
only a 4–38% absolute drop from the in-domain Franka
result. Direct transfer and a shared DINOv2 encoder perform
poorly, highlighting the severity of embodiment-induced visual
shift and the need for explicit observation alignment. Pixel-
space translation (RoVi-Aug*) partially closes the gap but
remains substantially worse than UniLatent, especially on
Franka→Sawyer where the embodiment difference is largest.
Qualitatively, decoded frames are brittle (Fig. 3), exhibiting
blurring and temporal jitter that degrade the policy input;
operating in latent space avoids these artifacts. The advantage
of UniLatent grows with embodiment disparity: while meth-
ods perform similarly on Franka→xArm for Close Box Lid,
UniLatent achieves marked improvement on Franka→Sawyer,
which exhibits larger visual and kinematic differences.

Setting Close Drawer Close Box Lid Wipe Table
Source-only (xArm) 10/10 8/10 10/10
Target-only (few-shot, Franka) 7/10 2/10 2/10
RoVi-Aug pretrain + few-shot 9/10 9/10 5/10
Cross-emb pretrain + few-shot (Ours) 10/10 9/10 8/10

TABLE II: Few-shot transfer in the real world. UniLatent
pretraining substantially outperforms training from scratch,
and matches or exceeds RoVi-Aug [7] pretraining.



Fig. 4: Real-world tasks. Example frames from Close
Drawer, Close Box Lid, and Wipe Table, collected via tele-
operation on xArm under a fixed third-person camera.

B. Real-World Experiments

Setup.: We transfer from xArm (source) to Franka (tar-
get) on three tabletop tasks (Fig. 4): Close Drawer, Close Box
Lid, and Wipe Table. We collect 150 source demonstrations
on xArm for Close Drawer and 61 each for the other two,
at 10 Hz with a RealSense D435i camera at 640 × 480,
keeping the camera extrinsics fixed across embodiments. We
additionally collect MT = 10 demonstrations on Franka per
task for few-shot fine-tuning, which mitigates residual sim-to-
real and hardware discrepancies. We evaluate with 10 rollouts
per task.

Implementation details.: We render N ≈ 60k path-
traced paired frames and train a single task-agnostic ES for
all real tasks. Policy architecture and hyperparameters match
the simulation setup (k=3, H=8, conditional UNet, 10 Hz
control).

Results.: Table II shows that RoVi-Aug pretraining im-
proves over training from scratch on the target robot in several
tasks, indicating that pixel-space translation can provide useful
transfer signal in real-world settings. However, UniLatent
consistently achieves stronger performance across tasks, with
the largest gains on tasks that involve more complex or
contact-rich interactions (e.g., Wipe Table), where accurate
preservation of geometry and gripper pose is critical.

We attribute this gap to the brittleness of pixel-space trans-
lation under real-world conditions: errors from segmentation,
generation, or occlusion can introduce inconsistencies in robot
appearance and geometry, which directly corrupt the visual
inputs consumed by the policy. In contrast, UniLatent aligns
observations in a compact latent space and executes the policy
on target observations without explicit translation, reducing
sensitivity to such artifacts.

Overall, these results suggest that representation learning
provides a more robust pathway for cross-embodiment transfer
in the real world than relying on pixel-space translation.

C. Multi-source transfer.

UniLatent extends to multiple source embodiments by align-
ing each source encoder to the same frozen target encoder and

Sawyer (100) Franka (100) Sawyer (200) Franka (200) Both (200)
64 63 84 92 91

TABLE III: Multi-source transfer. Success rate (%) on Close
Box Lid when transferring to xArm with source demonstrations
from Sawyer only, Franka only, or both. Numbers in paren-
theses denote the total source demonstrations used.

training a shared latent policy on the union of source demon-
strations. On Close Box Lid (xArm target, Table III), combin-
ing 100 Sawyer and 100 Franka demonstrations achieves 91%
success, on par with using 200 Franka demonstrations alone
and substantially outperforming 200 Sawyer demonstrations.

This suggests that the shared latent space effectively inte-
grates heterogeneous source data without requiring a unified
encoder or specialized multi-robot architecture.

Fig. 5: t-SNE of latent embeddings during alignment. Each
point is a latent embedding of a rendered image; colors indi-
cate embodiments and marker shapes indicate paired samples.
Across training iterations (1→6), embeddings from different
robots become increasingly overlapping, and paired images
converge to nearby points in latent space.

D. Alignment analysis.

To better understand what observation alignment learns, we
visualize the latent space using t-SNE [35] on embeddings of
rendered images from three robots (Fig. 5). Before alignment,
embeddings form separated clusters by embodiment, reflecting
the large visual gap. As training progresses, the clusters move
closer and increasingly overlap, and paired images converge
to nearby points in latent space. This confirms that the source
encoder converges to a target-consistent representation and
supports our design of anchoring the shared space to a fixed
target encoder: because ET is never updated, its embedding
geometry remains a stable target for ES to match, and align-
ment transfers directly to the test-time encoder.

IV. CONCLUSIONS AND LIMITATIONS

UniLatent achieves strong cross-embodiment transfe by
aligning visual encoders into a shared latent space rather than
translating pixels. We focus on parallel-jaw arms; extending
to multi-finger hands and embodiments with substantially
different workspaces is left to future work.
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