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Abstract: Recent advances in robot imitation learning have produced powerful
visuomotor policies that manipulate diverse objects from visual inputs. However,
monocular observations lack depth information, which is critical for precise ma-
nipulation in cluttered or geometrically complex scenes. Explicit depth maps and
point clouds are often noisy and fragile in real-world manipulation. We introduce
StereoPolicy, a visuomotor policy learning framework that directly leverages syn-
chronized stereo image pairs to improve geometric reasoning without construct-
ing explicit 3D representations. StereoPolicy processes each image with pre-
trained 2D vision encoders and fuses left-right features through a cross-attention-
based Stereo Transformer, capturing spatial correspondence and disparity cues
implicitly. The framework integrates with diffusion-based and pretrained vision-
language-action (VLA) policies, delivering consistent improvements over RGB,
RGB-D, point cloud, and multi-view baselines across three simulation bench-
marks and seven real-robot tabletop and bimanual mobile manipulation tasks. Our
results show that stereo vision bridges 2D pretrained representations and 3D ge-
ometric understanding for robotic manipulation. The project page and additional
details are available at https://stereopolicy.github.io.
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Figure 1: Compared to traditional visual modalities for robot learning, stereo input provides certain
advantages. This work investigates how we best leverage stereo input for policy learning.
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1 Introduction

Large-scale robot learning has recently produced impressive visuomotor policies and vision-
language-action (VLA) models that perform diverse manipulation tasks from visual inputs alone [1–
12]. These policies typically operate on monocular images processed by pretrained 2D vision en-
coders to extract semantic and spatial features for downstream action generation [13–15]. While
monocular inputs can be effective in controlled scenes, they inherently lack accurate depth and geo-
metric awareness. These capabilities are crucial for robots to operate in complicated scenes, such as
daily environments [16–20], and to perform dexterous and fine-grained manipulation skills [21, 22].

Stereo vision instead naturally encodes 3D spatial structure through synchronized image pairs as
shown in Figure 1. A long line of research [23–33] in computer vision has demonstrated that stereo
pairs significantly improve depth estimation and scene geometry understanding compared to monoc-
ular images, suggesting strong potential for robotic applications where 3D information is necessary.

However, prior work in robotics typically employs stereo images indirectly, by first constructing
explicit 3D representations such as depth maps [16, 17, 34, 35] and point clouds [18–21, 36–38],
and then feeding these into control or planning modules. While effective in controlled settings,
such approaches face practical challenges. First, explicit 3D representations are sensitive to sen-
sor noise, calibration errors, and object properties, making high-quality reconstruction difficult to
achieve reliably. Even with careful calibration, depth maps often miss fine semantic details, and
point clouds suffer from object deformation, as visualized in Figure 1. Second, pretrained 3D vision
encoders remain less mature than their 2D counterparts, largely due to the scarcity of large-scale
3D datasets [39–41] and scalable 3D backbone architectures [42–48]. Third, robotic manipulation
requires both high precision and low latency, whereas stereo pipelines that produce explicit disparity
maps [33] incur substantial inference overhead, making them ill-suited for real-time manipulation.

In this work, we take a different approach. Instead of relying on explicit 3D reconstruction, we
design StereoPolicy, a framework that directly consumes synchronized stereo image pairs for action
generation. Our method leverages 2D vision encoders pretrained on internet-scale data to extract
features from each image independently, then fuses them into stereo-aware tokens through cross
attention in a Stereo Transformer. This enables the policy to implicitly capture 3D spatial cor-
respondence while retaining the generalization of pretrained 2D backbones, yielding stereo-aware
visuomotor policies without explicit 3D supervision or reconstruction.

Our main results can be summarized as follows:

Performance. We empirically demonstrate that StereoPolicy outperforms policies based on RGB,
RGB-D, point cloud, and multi-view across diverse real and simulated manipulation tasks, spanning
tabletop and bimanual mobile settings. It can also be integrated to improve pretrained VLA models.
Hardware Insights. We systematically analyze key hardware factors including camera angles and
stereo baseline-to-distance ratio, deriving practical guidelines for configuring stereo setups.
Model Design. We comprehensively study stereo encoder design, comparing different backbone
choices and identifying an effective architecture for robust stereo-based manipulation.

2 Method

We propose StereoPolicy, a stereo perception module to extract geometry-aware features for robot
policies (§2.1). The resulting representations can be seamlessly integrated into both diffusion poli-
cies and VLA models without modifying their backbone architectures. Below, we describe two
models that form the conditions of our experiments (detailed in §3).

• STEREOPOLICY-DP integrates stereo encoder into diffusion policy, trained from scratch on each
benchmark task (§2.2).

• STEREOPOLICY-VLA combines the stereo encoder with pre-trained VLA model and fine-tunes
the system (§2.3).
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Figure 2: StereoPolicy Pipeline. Stereo inputs are encoded by a vision backbone, fused with a
Stereo Transformer, and applied to both diffusion-policy training and finetuning VLA baselines.

2.1 Stereo Feature Extraction

Stereo vision has shown superior performance in 3D understanding, including depth estimation [33]
and robot grasping [49] in simulation environments. Building upon this observation, we design a
StereoPolicy that leverages stereo image pairs for robot manipulation. Formally, the policy consists
of a stereo vision encoder and a policy backbone. The stereo vision encoder takes N pairs of stereo
images: It,i = (ILt,i, I

R
t,i), where (ILi , I

R
i ) denote the left and right images captured by a stereo

camera setup from ith view at timestep t.

Stereo image encoding Each image is processed by a 2D vision encoder Vi(·) to produce single-
view feature maps: fL

t,i, f
R
t,i, f · ∈ RH×W×C . Within each stereo pair, the left and right encoders

share weights to preserve geometric consistency. To enrich geometric reasoning, we augment the
image features with DINOv2 [50] embeddings, which provide strong monocular priors to disam-
biguate regions where epipolar correspondence is unreliable [33]:

f̃ ·
t,i = ϕ

(
[f ·

t,i∥fDINO
t,i ]

)
, (1)

where ϕ(·) is a linear projection aligning feature dimensions. Empirically, we observe that DINOv2
improves external views but degrades wrist-view performance, likely due to domain mismatch with
egocentric imagery. Therefore, DINOv2 is applied only to external views. We ablate the architecture
without DINOv2 in §3.3.

Stereo feature fusion To lift 2D image features with implicit depth cues, we adopt an alternat-
ing attention mechanism in Stereo Transformer: self-attention computes attention between pixels,
while cross attention computes attention between left and right images. We apply 2D RoPE [51]
to the query and key projections of cross attention to encourage explicit cross-view correspondence
learning and spatial position reasoning [49].

∀i ∈ {1, . . . , N} : zt,i = StereoTransi
(
f̃L
t,i, f̃

R
t,i

)
∈ Rdz , (2)

Multi-view aggregation Stereo fusion is performed independently per camera view. The resulting
embeddings are then concatenated (denoted as ∥) with low-dimensional proprioceptive features st
as the input to the policy backbone to predict robot actions:

zobs = [ zt,1∥zt,2∥ · · · ∥zt,N∥st ]. (3)
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Figure 3: Real-World Task Visualizations. Top: Five tabletop tasks, with the final state shown for
each. Tasks 3–5 vary by cup texture. Bottom: Two mobile manipulation tasks.

2.2 STEREOPOLICY-DP: Diffusion Policy with StereoPolicy

For imitation learning, we primarily adopt a diffusion policy [8] as the policy backbone.

The policy predicts a sequence of continuous actions at:t+H−1 = [at,at+1, . . . ,at+H−1] over a
planning horizon H based on zobs. In STEREOPOLICY-DP, we inject stereo perception by condi-
tioning the denoising network on the fused stereo embedding zobs, which encodes cross-view ge-
ometric correspondence. Concretely, at each denoising step τ , the policy predicts noise added to
action:

ϵ̂ = ϵθ(x
(τ), τ, zobs), (4)

The model is trained with standard denoising objective and performs iterative refinement from Gaus-
sian noise at inference time. This design allows STEREOPOLICY-DP to enhance action generation
with implicit stereo cues while preserving the original diffusion policy architecture and training
objective.

2.3 STEREOPOLICY-VLA: Adapting Monocular VLA to Stereo Inputs

Pre-trained VLA models exhibit strong semantic understanding through VLM pretraining, but their
depth reasoning is limited by monocular inputs. To improve spatial perception, we extend the visual
input from monocular to stereo by introducing a lightweight stereo feature extractor on top of the
pre-trained vision encoder.

Concretely, we replace the monocular visual embedding with a stereo-aware representation. For
each stereo image pair, we extract features with the pretrained vision encoder from VLA, then inject
fused stereo representation from Stereo Transformer into the VLA backbone to predict actions:

a = πθ(zobs, xlang, s), (5)

where πθ denotes the VLA policy (e.g., DiT), zobs is fused stereo feature from StereoTrans, xlang is
the language instruction, and s denotes additional state.

3 Experiments

Our experiments were guided by the following research questions:
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Figure 4: Simulation Task Visualization, from three benchmarks: OMNIGIBSON (4 tasks), ROBO-
CASA (24 tasks), and ROBOMIMIC (3 tasks).

Q1. How does StereoPolicy perform compared to monocular RGB, RGB-D, point cloud, and multi-
view-based policies?
Q2. Can StereoPolicy be readily combined with large pre-trained policy models, such as vision-
language-action (VLA) models, although these models are trained on monocular RGB data?
Q3. How do factors such as stereo baseline (distance between two cameras), distance to the objects,
and camera angles affect StereoPolicy’s performance?
Q4. Which design choices, such as vision backbone choice and attention mechanism design, affect
the best performance in StereoPolicy?

3.1 Tasks and Environments

We evaluate StereoPolicy on two robotic embodiments: a 7-DOF tabletop Franka arm and a 14-DOF
bimanual mobile manipulation robot Galaxea R1 Pro, in both real-world and simulated settings.
Task and data collection details are summarized in Appendix C.

Real-World We design seven tasks spanning both tabletop and mobile manipulation (Figure 3).

Simulation We include tasks from three widely-used robotics benchmarks, including ROBOMIMIC
[52], ROBOCASA [53], and four customized tasks in OMNIGIBSON [54]. Figure 4 visualizes tasks.

3.2 Implementation Details

The StereoPolicy architecture, baseline implementations, training details, and evaluation protocol
are described in Appendix B.

Baselines We compare STEREOPOLICY-DP against six baseline architectures: monocular RGB,
multi-view RGB, RGB-D, RGBD-3DDA [55], point-clouds with PointNet [56], and point-clouds
with DP3 [37]. All baselines use the same policy backbones and training budgets where applicable.

To effectively evaluate STEREOPOLICY-VLA, we adopt 1) Pi0.5 [57] and 2) GR00T N1.5 [58] as
our baseline VLA frameworks and follow the same settings from the original implementation.

3.3 Experiment Results

(Q1) STEREOPOLICY-DP consistently outperforms monocular RGB, RGB-D, point cloud,
and multi-view-based policies. Table 1 and Table 2 compare STEREOPOLICY-DP with standard
visual modalities in real-robot and simulation respectively. Overall, STEREOPOLICY-DP presents
strong performance in both settings. In particular, STEREOPOLICY-DP outperforms RGB across all
tasks, highlighting the importance of geometric reasoning for manipulation. For less depth-sensitive
tasks (e.g., Transport), monocular RGB inputs already provide sufficient visual information for
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Method
BANANA

PNP
TOAST
INSERT

PLASTIC
CUP HANG

STEEL
CUP HANG

GLASS
CUP HANG AVG SR (%)

RGB 12/20 7/20 12/20 10/20 1/20 42.0%
RGB-D 14/20 8/20 11/20 8/20 0/20 41.0%
RGBD-3DDA 13/20 9/20 13/20 10/20 0/20 45.0%
PCD-PointNet 7/20 0/20 5/20 2/20 0/20 14.0%
PCD-DP3 11/20 3/20 8/20 5/20 0/20 27.0%
Multi-View 13/20 8/20 13/20 9/20 1/20 44.0%
STEREOPOLICY-DP 16/20 12/20 15/20 13/20 3/20 59.0%

Table 1: Real-World Tabletop Task Performance. STEREOPOLICY-DP consistently outperforms
other visual modalities. PCD performs worst in all real tasks; both RGB-D and PCD fail on glass
cup hang tasks, demonstrating that explicit 3D methods are sensitive to object texture in practice.

Benchmark OMNIGIBSON ROBOMIMIC

Task STRAWBERRY POURWATER OPENDOOR TURNONRADIO TOOLHANG SQUARE TRANSPORT

# Demos 100 200 100 200 200 300 200 300 100 200 100 200 100 200

RGB 593.4 880.0 104.3 462.8 262.8 771.9 421.6 712.5 531.9 900.9 741.6 980.0 921.6 942.8

RGB-D 633.8 854.7 161.6 520.0 312.5 804.3 470.9 733.4 560.0 882.5 791.9 920.0 941.6 941.6

RGBD-3DDA 744.3 931.9 260.0 613.4 483.3 1000.0 464.3 754.1 841.6 922.8 831.9 972.5 941.6 961.6

PCD-DP3 453.4 632.5 34.7 310.9 301.6 694.1 351.9 644.9 401.6 760.9 692.5 881.6 632.5 722.8

Multi-View 683.3 892.5 210.9 523.3 314.7 753.8 433.4 711.9 540.0 920.9 780.0 961.6 922.8 940.0

STEREOPOLICY-DP 822.8 1000.0 341.6 702.5 571.9 1000.0 553.4 824.3 941.9 962.8 880.9 1000.0 940.0 961.6

Table 2: Simulation Task Performance of Diffusion Policies across Visual Modalities. Stereo
input consistently improves performance, especially under low-data regime. We report average
scores and standard deviations across three seed runs. All numbers are reported in percentage (%).

successful simulation. For tasks involving occlusion and fine-grained 3D alignment (e.g., ToolHang
and PourWater), STEREOPOLICY-DP shows clear improvements 1.

Figure 7: RGB-D and PCD are fragile in real
environment. Glass cup is entirely missing.

However, point cloud–based methods perform
poorly overall: real-world depth measurements
are often noisy (See Figure 7), and even in sim-
ulation DP3 still underperforms on most bench-
marks. We observe point-cloud methods are frag-
ile and heavily rely on careful pre-processing.
Without careful cropping and sampling, its per-
formance can easily drop to 0. While geometry-
aware models such as RGBD-3DDA achieve
competitive results on simulation due to perfect
depth, their performance degrades notably on reflective and transparent objects (e.g., steel and glass
cup hang), where depth sensing becomes unreliable; its reliance on calibrated depth sensors also
limits robustness. In contrast, STEREOPOLICY-DP learns generalizable geometry directly from im-
age pairs and stays robust in challenging settings. STEREOPOLICY-DP also surpasses 3DDA in
simulation, indicating that our stereo architecture can not only recover geometric information on par
with explicit depth sensors, but also leverage implicit stereo cues to improve fine-grained control.

STEREOPOLICY-DP outperforms multi-view-based policies Multi-view based policies also
mounts stereo cameras, but does not pass through an additional Stereo Transformer module, val-
idating the effectiveness of our stereo architecture.

STEREOPOLICY-DP is more data-efficient. In OMNIGIBSON tasks, STEREOPOLICY-DP reaches
higher SR with fewer demonstrations. Although Peri et al. [59] claims point-cloud inputs can yield
higher sample efficiency compared to RGB/RGB-D, here we observe the opposite.

(Q2) StereoPolicy enhances pretrained VLA models, although these models are trained on
monocular data. We next examine the STEREOPOLICY-VLA, where StereoPolicy is incorpo-
rated into a state-of-the-art pre-trained VLA model, Pi0.5 and GR00T-N1.5 for fine-tuning. As

1We present the inference latency of RGB, RGBD-3DDA and STEREOPOLICY-DP in Appendix E.
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Figure 5: Average STEREOPOLICY-VLA Perfor-
mance on ROBOCASA-KITCHEN 24 Tasks.

Figure 6: STEREOPOLICY-VLA (Pi0.5) Perfor-
mance on bimanual mobile manipulation tasks
in both real-world and simulation.

summarized in Figure 5, incorporating stereo input and stereo fusion module yields consistent im-
provements across both high-data (300 and 100 demos) and low-data (30 demos) settings. These
gains, while modest, confirm our earlier claim: stereo features provide geometric cues that pre-
trained VLM encoders inherently lack, and fine-tuning allows these large models to benefit from
stereo depth information without disrupting their learned semantic representations.

Figure 6 further evaluates STEREOPOLICY-VLA on mobile manipulation. STEREOPOLICY-VLA
outperforms monocular baselines in both simulation and real-world settings. In particular, RGB
policies fail on precise actions such as inserting the gripper into a radio handle and pressing buttons
accurately (failure case visualization in Appendix), while STEREOPOLICY-VLA succeeds.

(a) Camera Angle Visualization.
From left to right: sideview left,
agentview left, frontview, agentview
right, and sideview right.

(b) SR across 10 Different Camera Angle Views over TOOLHANG
task for RGB policy and STEREOPOLICY-DP. STEREOPOLICY-DP is
more robust towards changing camera angles than RGB baseline. Ap-
pendix B provides full mapping of camera indices.

Figure 8: Performance of STEREOPOLICY-DP across different camera angles.

(Q3) STEREOPOLICY-DP is most effective when the baseline is approximately 10% of the tar-
get object distance. We vary the stereo baseline distance (2cm, 6cm, 10cm) and camera–object
distance (0.6m–1.0m) while keeping other conditions fixed. Results show that performance is gov-
erned not by either factor alone, but by their ratio:

r =
stereo baseline

camera-object distance
(6)

which determines the effective disparity. STEREOPOLICY-DP achieves the best performance when
r lies in the range of r ∈ [0.09, 0.13], as shown in Figure 9. Within this range, disparity is strong
enough for reliable depth estimation while preserving sufficient overlap between left and right views.
For typical tabletop setups (0.6–0.8m camera-object distance), a 6 cm baseline performs best.

When r becomes too small (e.g., 2 cm baseline or > 0.9m distance), performance drops due to weak
disparity and poor depth discrimination. Conversely, excessively large r values (e.g., 10 cm baseline
at 0.6 m) reduce view overlap and cause geometric inconsistency across views. In conclusion, stereo
policies are most effective when the baseline is approximately 10% of the target distance. This ratio
maintains an optimal, balanced trade-off between disparity and overlap. It allows STEREOPOLICY-
DP to extract stable geometric features and improves manipulation accuracy across viewpoints.
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Figure 9: Effect of Stereo Baseline
and Distance on Task Success Rate.

Figure 10: Vision Encoder and Component Ablation. Experi-
ments on ToolHang task with 100 demos.

In addition, STEREOPOLICY-DP consistently outperforms RGB-based policies across differ-
ent camera angles. We evaluate 10 camera angles on the TOOLHANG task, visualized in Figure 8a;
Figure 8b shows the corresponding views and performance. The largest gains appear in front-facing
views (frontview, +18%; frontview-high, +14%), where stereo disparity provides complementary
depth cues. Oblique views such as agentview-left/right and their elevated counterparts also benefit,
as stereo helps resolve partial occlusions and spatial correspondence. Side views show smaller gains
due to limited overlap and stronger self-occlusion. Overall, stereo is most helpful when monocular
cues are geometrically ambiguous.

(Q4) The choice of vision backbone significantly influences STEREOPOLICY-DP ’s perfor-
mance, particularly in low-data regimes. To explore the most effective vision backbone for robot
manipulation, we evaluate several architectures on the TOOLHANG task. As shown in Figure 10,
in low data regime (under 100 demonstrations), larger pretrained vision-language backbones (e.g.,
OPENCLIP-B/16 and SIGLIP-SO400M/14) yield substantial performance gains over smaller con-
volutional architectures such as RESNET18. These models provide richer representations and gen-
eralize better with limited supervision. Multi-scale features from architecture like EdgeNeXt-S [60]
or Resnet18 with Feature Pyramid Network [61] also significantly benefit Stereo Transformer, in-
dicating that feature hierarchy is important for correspondence learning. From the ablation, we
observe that concatenating external view image features from frozen DINOv2 further improves per-
formance. Empirically, we observe the gains are view-dependent: it improves external-view but
hurts wrist-view performance, likely due to domain mismatch. Removing the Stereo Transformer
drops performance from 0.94 to 0.85, validating the effectiveness of stereo fusion module.

4 Conclusion

We presented StereoPolicy, a visuomotor learning framework that directly consumes synchronized
stereo image pairs instead of explicit 3D reconstructions. By combining pretrained 2D vision en-
coders with a cross-attention-based stereo fusion module, StereoPolicy improves over monocular
RGB, RGB-D, point-cloud, and multi-view baselines across both simulated and real-world settings,
spanning tabletop and mobile manipulation tasks. Our analysis further identifies practical design
choices for stereo-based policies, including camera baseline, viewpoint, vision backbone, and fu-
sion architecture. StereoPolicy also improves pretrained VLA models, suggesting that stereo cues
can complement large-scale 2D visual representations for robot learning.

5 Limitations and Future Work

While promising, our study is limited to relatively small-scale tabletop and mobile manipulation set-
tings. Although StereoPolicy improves over monocular RGB, RGB-D, point-cloud, and multi-view
baselines on transparent and reflective objects, these scenarios remain challenging in absolute terms,
and the overall success rate is still relatively low. We observe that performance can be sensitive to
lighting, reflections, and stereo camera placement. Future work could scale StereoPolicy to larger
robot datasets with stereo pairs (e.g. DROID [62]) and extend it to more embodiments.
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D. Fox, F. Hu, S. Huang, J. Jang, Z. Jiang, J. Kautz, K. Kundalia, L. Lao, Z. Li, Z. Lin,
K. Lin, G. Liu, E. Llontop, L. Magne, A. Mandlekar, A. Narayan, S. Nasiriany, S. Reed, Y. L.
Tan, G. Wang, Z. Wang, J. Wang, Q. Wang, J. Xiang, Y. Xie, Y. Xu, Z. Xu, S. Ye, Z. Yu,
A. Zhang, H. Zhang, Y. Zhao, R. Zheng, and Y. Zhu. GR00T N1: An open foundation model
for generalist humanoid robots. In ArXiv Preprint, March 2025.

[59] S. Peri, I. Lee, C. Kim, L. Fuxin, T. Hermans, and S. Lee. Point cloud models improve visual
robustness in robotic learners, 2024. URL https://arxiv.org/abs/2404.18926.

[60] M. Maaz, A. Shaker, H. Cholakkal, S. Khan, S. W. Zamir, R. M. Anwer, and F. S. Khan. Ed-
genext: Efficiently amalgamated cnn-transformer architecture for mobile vision applications,
2022. URL https://arxiv.org/abs/2206.10589.

[61] T.-Y. Lin, P. Dollár, R. Girshick, K. He, B. Hariharan, and S. Belongie. Feature pyramid
networks for object detection, 2017. URL https://arxiv.org/abs/1612.03144.

[62] A. Khazatsky, K. Pertsch, S. Nair, A. Balakrishna, S. Dasari, S. Karamcheti, S. Nasiriany,
M. K. Srirama, L. Y. Chen, K. Ellis, et al. Droid: A large-scale in-the-wild robot manipulation
dataset. arXiv preprint arXiv:2403.12945, 2024.
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