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1. Overview

In this supplementary material, we provide additional ex-
periments, analyses, and implementation details to comple-
ment the main paper. We first present an application ex-
ample of RobotSeg for robot-centric data augmentation in
Section 2. We then show more dataset examples from our
VRS benchmark in Section 3. Next, we report comprehen-
sive category-wise evaluations across robot embodiments in
Section 4, highlighting the robustness of RobotSeg across
diverse robot embodiments. We include more visual com-
parisons with state-of-the-art methods in Section 5 and pro-
vide computational efficiency analyses in Section 6. We fur-
ther provide an additional comparison with SAM 3 [3] for
completeness in Section 7. Finally, detailed architecture de-
scriptions of key modules, including the memory encoder,
the structure perceiver, and the mask decoder, are provided
in Section 8, followed by discussions on limitations and fu-
ture directions in Section 9.

2. An Application Example of RobotSeg

Accurate robot segmentation is a prerequisite for reliable
robot perception and tracking, and it further enables the
creation of high-quality training data for robot learning. A
practical example is robot-centric data augmentation, where
robot masks are used to composite the robot into diverse
scenes to improve the robustness of downstream policies.
However, this process is highly sensitive to mask quality:
segmentation errors such as missing parts, drifted bound-
aries, or broken structures directly translate into unrealistic
composites that can harm the learning signal.

Figure 1 illustrates this effect on video frames. Robo-
Engine [8], which operates on individual images, often
produces fragmented or structurally damaged masks (Fig-
ure lc), while SAM 2.1 [7] requires manual clicks and
still struggles to maintain spatial and temporal consistency
across frames (Figure 1d). These inaccuracies propagate
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to the augmented images, leading to visually implausible
robot placements with missing limbs or distorted geometry
(Figure 1f-g).

In contrast, RobotSeg generates clean, complete, and
temporally stable masks (Figure le), enabling high-fidelity
robot compositing (Figure 1h). The preserved geometry and
consistent boundaries result in realistic augmented images
that maintain the structural integrity of the robot. This ex-
ample highlights the practical value of precise robot seg-
mentation in creating large-scale, diverse, and reliable train-
ing data for robot learning systems.

3. More VRS Dataset Examples

To complement the dataset overview in the main paper, we
present additional examples from our video robot segmen-
tation (VRS) dataset in Figure 2 and 3. These examples
further illustrate the diversity of robot embodiments, ma-
nipulation behaviors, and scene contexts captured in VRS.
Each example shows the RGB video frames (top) and their
corresponding annotation masks (bottom), where the robot
arm and gripper are labeled separately following the hierar-
chical labeling protocol.

Across these samples, VRS demonstrates substantial
variation in motion patterns, viewpoints, backgrounds, ob-
ject interactions, and lighting conditions. Such diversity
is essential for training and evaluating models that aim to
achieve robust, temporally consistent robot segmentation
in realistic and dynamic environments. By providing con-
tinuous video sequences with fine-grained arm and grip-
per masks, VRS enables research on temporal modeling,
mask propagation, and structure-aware segmentation be-
yond what is possible with the image-only dataset Robo-
Engine [8].

4. Category-Wise Analysis Across Diverse
Robot Embodiments

To further evaluate the robustness of different models un-
der diverse robot embodiments, we conduct a category-wise


https://github.com/showlab/RobotSeg

(a)
Video
Frame

(b)
Ground-Truth
Robot Mask

(c)
RoboEngine

(d)
SAM 2.1
(3-click)

(e)
RobotSeg
(Ours)

®

Augmented w/
RoboEngine

(e

Augmented w/
SAM 2.1 (3-click)

(h)
Augmented w/
RobotSeg (Ours)

Figure 1. Robot segmentations obtained with the image robot segmentation method RoboEngine [8] (c¢) and the promptable video segmen-
tation method SAM 2.1 (with 3 manual clicks to initialize the segmentation) [7] (d), compared to our RobotSeg model (e). When used for
robot data augmentation, inaccurate masks from RoboEngine and SAM 2.1 lead to broken or unrealistic robot composites (f-g), whereas
our RobotSeg enables clean and structurally accurate augmentation (h) by precisely preserving the robot regions.

analysis on the VRS dataset. While the main manuscript re-
ports overall results for whole-robot, robot-arm, and robot-
gripper segmentation, such aggregated metrics may conceal
substantial variations across robots with distinct structures,
kinematics, and visual characteristics. Therefore, we ad-
ditionally present per-category results for all 10 robot em-
bodiments, separately for whole robot (Table 1), robot arm
(Table 2), and robot gripper (Table 3).

Across the three segmentation targets, RobotSeg con-
sistently ranks among the top-performing methods within
each robot embodiment. RobotSeg ranks first in 7, 8,

and 6 out of 10 robot types for segmenting the whole
robot (Table 1), robot arm (Table 2), and robot gripper
(Table 3), respectively. These results indicate that Robot-
Seg maintains stable performance across diverse robot em-
bodiments with different shapes, sizes, and visual charac-
teristics. In contrast, existing approaches, including the
robot-specific methods RoVi-Aug [2] and RoboEngine [8],
the language-conditioned models CLIPSeg [6], LISA [5],
EVF-SAM [9], and VideoLISA [1], the promptable video
Joundation model SAM 2.1 [7] (with one manual click
prompt to initialize the segmentation), and the concept seg-
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Figure 2. Examples from our video robot segmentation (VRS) dataset. Each example shows the RGB sequence (top) and robot annotation
masks (bottom), where the robot arm is highlighted in red and the gripper in green.



video #05 I
mask #05

video #06

mask #07

video #08

P e :
h

Figure 3. Examples from our video robot segmentation (VRS) dataset. Each example shows the RGB sequence (top) and robot annotation
masks (bottom), where the robot arm is highlighted in red and the gripper in green.



Table 1. Comparison of “whole robot” segmentation across the 10 robot categories in the VRS dataset. The superscript (1¢) denotes that
SAM 2.1 [7] uses a manual click for initialization.

Methods Para. #01 #02 #03 #04 #05 #06 #07 #08 #09 #10 Overall
(M) | Franka | Fanuc Mate | UR5 | Kuka iiwa | Google Robot | MobileALOHA | xArm | WindowX | Sawyer | Hello Stretch
RoVi-Aug [2] 6385] 298 | 699 [s51.1] 722 34.6 416 8.1 491 | 417 ] 191 38.9
RoboEngine [8] 898.4| 758 | 885 |782| 8738 89.8 734 940 | 914 | 832 6.4 74.1
CLIPSeg [6] 1508] 206 | 386 |[326] 595 33.1 29.1 523 295 | 354 | 150 | 266
LISA [5] 139929 47.1 | 486 [800] 805 78.3 51.8 886| 744 | 554 | 352 | 553
EVF-SAM [9] 8984 567 | 564 [81.0| 687 82.6 612 930| 813 | 589 | 520 | 639
VideoLISA [1] 47883| 489 | 588 |67.5] 753 75.9 63.4 935| 464 | 5712 | 357 | 536
SAM 2.1(¢) [7] (Original) 390] 250 | 356 [788] 88 64.7 21.1 303 880 | 222 ] 146 | 382
SAM 2.101) [7] (Finetuned) | 39.0| 747 | 814 |80.4| 914 78.8 45.6 91.0| 854 | 875 | 685 | 736
SAM 3 [3] | 8601305 509 Joo| 708 [ 190 | 415 [927] 602 | 84 | 00 [ 347
RobotSeg (Ours) | 413]821] 850 [880] 853 [ 902 [ 871 [9s6| 875 [953 ]| 787 | 851

Table 2. Comparison of “robot arm” segmentation across the 10 robot categories in the VRS dataset. The superscript (1¢) denotes that
SAM 2.1 [7] uses a manual click for initialization.

Method Para. | #01 #02 #03 | #04 #05 #06 #07 | #08 #09 #10 Overall
ethods (M) | Franka | Fanuc Mate | URS | Kuka iiwa | Google Robot | MobileALOHA | xArm | WindowX | Sawyer | Hello Stretch | 0" ¢ 2
CLIPSeg [6] 150.8 | 23.3 454 32.8| 657 22.7 26.2 44.3 10.7 22.1 19.7 23.7
LISA [5] 13992.9 | 45.8 57.0 62.1| 752 54.4 39.6 90.9 24.9 455 25.1 42.1
EVF-SAM [9] 898.4 | 51.3 56.2 66.2| 764 56.5 38.6 91.5 27.5 41.1 29.3 44.7
VideoLISA [1] 4788.3| 39.5 45.1 58.5| 645 54.9 43.2 89.9 26.5 37.5 48.5 41.4
SAM 2.1(19) [7] (Original) 39.0] 263 41.4 52.9 9.1 58.4 16.4 31.7 30.6 26.9 18.7 28.9
SAM 2.1(1¢) [7] (Finetuned) | 39.0| 79.0 | 79.0 |81.2| 87.1 60.5 38.7 87.2| 545 | 724 62.5 66.2
SAM 3 [3] | s60.] 519 [ 624 [740] 696 [ 643 | 522 [804] 268 [394 ] 00 | 450
RobotSeg (Ours) | 413[ 766 798 [s34] 829 [ 856 | 722 [924] 612 [950 ] 760 | 756
mentation model SAM 3 [3], show large variation across the three levels of robot granularity: whole robot, robot arm,
robot categories. The category-wise analysis indicates and robot gripper. These examples complement the limited
that RobotSeg generalizes more reliably across real-world visualizations included in the main paper due to space con-
robotic embodiments than existing models. straints and further highlight the challenges posed by di-
These results highlight two key insights. First, robot seg- verse embodiments and cluttered scenes. We also include
mentation is highly embodiment-dependent: strong average prompt-based comparisons in Figure 7 and 8, where seg-
performance does not guarantee robustness across distinct mentation is guided by a single click or a bounding box on
robot embodiments, as illustrated by SAM 2.1 (finetuned) the first video frame. Together, these qualitative results pro-
whose robot-arm accuracy is 66.2 overall but drops to 38.7 vide a comprehensive view of segmentation performance

on the MobileALOHA robot (Table 2). Second, RobotSeg’s under both automatic and prompt-guided modes.
robot-aware design and label-efficient video training enable
generalization across diverse embodiments for whole-robot,
arm-level, and gripper-level segmentation. This demon-
strates that RobotSeg is not only favorable on average but
also reliably transferable to a wide spectrum of real-world
robotic embodiments.

Under the automatic segmentation setting, RoboEngine
[8] exhibits clear inaccuracies and temporal inconsistencies
for the whole robot segmentation (Figure 4). In the top ex-
ample, it incorrectly segments background clothing as part
of the robot in the second and fourth columns, while only
loosely capturing the robot region in the third column. Sim-
ilar issues appear throughout the sequence. For the robot
arm segmentation (Figure 5), RoboEngine cannot distin-
Figure 4, 5, and 6 provide additional qualitative compar- guish the arm from the gripper, so we instead compare our
isons under the automatic segmentation setting, covering RobotSeg with EVF-SAM [9], which achieves the best per-

5. More Visual Comparison Results



Table 3. Comparison of “robot gripper” segmentation across the 10 robot categories in the VRS dataset. The superscript (1¢) denotes that

SAM 2.1 [7] uses a manual click for initialization.

Methods Para. #01 #02 #03 #04 #05 #06 #07 #08 #09 #10 Overall
(M) | Franka | Fanuc Mate | UR5 | Kuka iiwa | Google Robot | MobileALOHA | xArm | WindowX | Sawyer | Hello Stretch
CLIPSeg [6] 150.8] 2.4 83 |19] 09 6.7 10.1 20 | 152 | 27 5.8 6.7
LISA [5] 139929 9.3 70 |264| 68 35.1 292 20 | 435 | 331 129 | 212
EVE-SAM [9] 898.4| 114 | 270 |226| 101 338 34.0 109] 388 | 386 | 150 | 238
VideoLISA [1] 47883 | 4.5 22 |190] 15 343 29.7 44 | 294 | 274 8.0 15.9
SAM 2.1(1¢) [7] (Original) 390] 520 | 356 [421] 218 46.7 15.3 880 | 721 | 480 | 483 417
SAM 2.105) [7] (Finetuned)|  39.0| 52.8 | 700 |53.8| 668 59.6 70.3 186 793 | 761 | 786 | 648
SAM 3 [3] | se0a[ 119 o5 [93] 58 250 [ 1s Jwo] 59 [170] 56 | 10s
RobotSeg (Ours) | a13[ 76 [ 624 [682] 46 807 | 787 78] 850 [815] 774 | 760

formance among language-conditioned methods. In the top
example, EVF-SAM identifies only the robot base while en-
tirely missing the articulated arm. In the bottom example,
it mistakenly labels a coffee machine with similar color as
the robot and produces temporally unstable predictions. In
the robot gripper segmentation (Figure 6), EVF-SAM again
fails to localize the correct component: in the top exam-
ple, it segments the arm instead of the gripper, and in the
bottom example, the final two columns incorrectly segment
clothing as the gripper. In contrast, our RobotSeg consis-
tently produces accurate, component-specific masks with
stable temporal behavior across diverse embodiments and
complex backgrounds, demonstrating strong robustness in
the automatic segmentation setting.

Figure 7 and 8 show comparisons with SAM 2.1 [7] un-
der prompt-based segmentation. In the 1-click setting (Fig-
ure 7), a single point is provided on the first video frame
(green star). In the top example, SAM 2.1 only segments
a partial portion of the robot, while in the bottom example,
it confuses the black robot gripper with the similarly col-
ored background, leading to incomplete or mixed masks.
RobotSeg, however, generates complete and clean robot
masks without confusing foreground and background. In
the bounding-box setting (Figure 8), where a box is given
on the first video frame (green rectangle), SAM 2.1 again
shows inconsistency: the top example under-segments the
robot, while the bottom example over-segments into sur-
rounding regions. In contrast, our RobotSeg delivers stable
and temporally consistent results in both sequences. Over-
all, the prompt-based comparisons confirm that our Robot-
Seg remains robust and accurate when initialized with min-
imal user input.

Across all automatic and prompt-guided settings, these
visual comparisons collectively demonstrate that RobotSeg
provides accurate, temporally consistent, and embodiment-
robust robot segmentation, significantly outperforming ex-
isting methods under challenging real-world scenarios.

Table 4. Comparison of the computational efficiency of different
methods. For each method, we list model parameters, FLOPs, and
average inference time per frame.

Methods | Para. (M) | FLOPs(G) | Time (ms)
RoVi-Aug [2] 638.5 546.1 87.9
RoboEngine [8] 898.4 1753.4 250.7
CLIPSeg [6] 150.8 98.5 95.3
LISA [5] 13992.9 61820.4 4313
EVF-SAM [9] 898.4 1753.4 250.7
VideoLISA [1] 47883 36300.6 670.8
SAM 2.1 [7] [ 39.0 [ 284.3 [ 68.6
SAM 3 [3] [ 8601 | 50452 ] 160.1
RobotSeg (Ours) [ 413 [ 3198 | 942

6. Computational Efficiency Analysis

We focus in this work on developing RobotSeg, the first
foundation model for robot segmentation that supports both
images and videos. To provide a complete view of its prac-
tical applicability, we report computational efficiency com-
parisons in Table 4.

From Table 4, RobotSeg offers a clear computational
advantage over existing robot segmentation baselines.
Its overall FLOPs (319.8G) are substantially lower than
robot-specific methods such as RoVi-Aug [2] and Robo-
Engine [8], as well as language-conditioned approaches
including LISA [5], EVF-SAM [9], and VideoLISA [1],
all of which rely on considerably larger backbones and
therefore incur much higher computational cost. Although
CLIPSeg [6] is lightweight in terms of FLOPs, its sig-
nificantly lower segmentation performance renders it un-
suitable for precise robot segmentation. Compared with
SAM 2.1 [7] (284.3G), RobotSeg introduces only a mod-
est increase in FLOPs while providing capabilities that
SAM 2.1 does not support: (i) fully automatic robot seg-
mentation without requiring manual prompts to initialize
segmentation, and (ii) substantially improved segmenta-
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Figure 5. Qualitative comparison of robot arm segmentation under the automatic setting. EVF-SAM [9] struggles to localize the articulated
arm and often confuses background objects, whereas our RobotSeg provides accurate, component-specific, and temporally consistent
predictions.
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Figure 6. Qualitative comparison of robot gripper segmentation under the automatic setting. EVF-SAM [9] frequently misidentifies
the gripper or mistakes background regions for the target, while our RobotSeg consistently segments the correct component with stable
temporal behavior.
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Figure 7. Comparison of robot segmentation results when a single click (green star) is given on the first video frame. SAM 2.1 [7]
often produces incomplete masks or confuses dark grippers with the background, whereas our RobotSeg generates complete and clean
segmentation across frames.
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Figure 8. Comparison of robot segmentation results when a bounding box (green rectangle) is provided on the first video frame. SAM 2.1
[7] shows inconsistent behavior, including under- and over-segmentation, while our RobotSeg maintains accurate and temporally consistent
predictions.



tion quality across both images and videos. Moreover, our
RobotSeg achieves an average inference time of 94.2 ms per
frame (>10 FPS) (measured on an NVIDIA RTX A5000
GPU), which remains competitive among high-capacity
models and supports practical deployment. Overall, these
results show that RobotSeg preserves computational effi-
ciency while offering much stronger task-specific perfor-
mance, making it a practical choice for both academic re-
search and real-world deployment.

7. Comparison with SAM 3

SAM 3 [3] is a concept segmentation model that supports
noun-phrase prompts. Although it is designed for open-
vocabulary concept segmentation rather than robot-specific
perception, it can be directly applied to our task by prompt-
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ing it with phrases such as “robot”, “robot arm”, or “robot
gripper”.

We apply SAM 3 to our VRS benchmark using concept
prompts corresponding to robot components. As summa-
rized in Table 1,2,3, SAM 3 is indeed capable of segmenting
robots at the concept level, but its performance remains no-
ticeably below that of RobotSeg. SAM 3 is not tailored for
articulated robot geometry, fine-grained arm—gripper sep-
aration, or temporally consistent segmentation in complex
robot manipulation videos, which limits its performance
on these scenarios. In contrast, RobotSeg incorporates
structure-enhanced memory association and robot-specific
prompt generation, achieving substantially higher accuracy
and stability.

Overall, these results indicate that while SAM 3 [3] pro-
vides a general open-vocabulary interface that can segment
robots via concept prompts, dedicated modeling is required
to achieve high-quality robot segmentation in realistic and
dynamic environments.

8. Architecture Details

This section provides extended architectural details that
complement the model description in the main manuscript.

8.1. Memory Encoder

The memory encoder is responsible for transforming the
predicted masks and image encoder embeddings into a com-
pact representation that can effectively guide subsequent
frames. As illustrated in Figure 10 (a), the memory encoder
first processes the previous-frame mask through a down-
sampling branch and projects the previous image feature
into a consistent embedding space. These two sources are
then fused via lightweight convolutional operations to inte-
grate both spatial cues and semantic context. The fused rep-
resentation is subsequently passed through an output pro-
jection layer, producing the memory feature used for tem-
poral guidance in the following frames.

8.2. Structure Perceiver

The structure perceiver uses the memory feature produced
by the memory encoder to guide the extraction of robot-
aware structural cues and the generation of the structure
map. As illustrated in Figure 10 (b), the edge-enhanced fea-
tures are processed by a multi-scale depthwise convolution
module (3x3, 5x5, and 7x7) to capture edge patterns at
different receptive fields. The aggregated multi-scale fea-
tures are then aligned with the memory feature through a
cross-attention layer, enabling the model to inject tempo-
ral robot context into the structural perceiving. Finally, a
33 convolution predicts the structure map, which serves
as structure guidance for refining following representations.

8.3. Mask Decoder

The mask decoder is responsible for generating segmenta-
tion masks conditioned on image embeddings and prompt
tokens. Our implementation extends the SAM mask de-
coder by introducing additional robot prompts, enabling
automatic and more consistent robot segmentation across
video frames.
In Figure 9, the prompt tokens represent optional user
guidance such as clicks or bounding boxes, while the robot
tokens encode robot semantic and temporal context ex-
tracted from previous frames, guiding the segmentation
in the current frame. The inclusion of robot tokens en-
hances temporal consistency by leveraging historical robot
information. The mask decoder uses a sequence of two-
way transformer blocks that perform bidirectional atten-
tion between image embeddings and token representations.
Specifically, the following attention mechanisms are used:
1. Self-attention: applied to tokens to learn interactions
within the token space.

2. Token-to-image attention: enables token embeddings
to query relevant image features.

3. Image-to-token attention: aggregates token re-
sponses into the image feature representations.

After feature fusion through the transformer blocks, the
decoder outputs multiple candidate masks to handle prompt
ambiguities. Following SAM 2 [7], we retain only the mask
with the highest predicted Intersection-over-Union (IoU)
score for propagation. Additionally, the decoder includes an
occlusion prediction head implemented as an MLP, which
predicts whether the target robot is visible in the current
frame. This capability is important for accurately handling
partial or full occlusions of the robot.

9. Limitation and Future Work

While our RobotSeg demonstrates strong overall perfor-
mance across diverse embodiments and challenging scenes,
several limitations remain. First, although RobotSeg consis-
tently outperforms existing models, it does not achieve the
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Figure 9. Architecture details of the mask decoder.
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Figure 11. Compared with the incomplete robot mask from SAM
2.1 [7] (top row), our RobotSeg provides the complete and accu-
rate robot mask (bottom row), enabling SAM 3D [4] to generate
accurate and faithful 3D robot reconstructions.

highest accuracy on every individual robot category. Cer-
tain robots with unusual appearances or scene conditions
remain challenging, suggesting that further embodiment-
specific modeling could provide additional gains. Second,
the current design introduces moderate computational over-
head compared to the original SAM 2.1. Although Robot-
Seg remains efficient relative to existing baselines, there is

still room for reducing FLOPs and model parameters, es-
pecially for deployment on resource-constrained platforms
such as mobile manipulators or embedded robotic systems.

These limitations open several promising directions for
future work. One direction is to explicitly incorporate ad-
ditional modalities such as depth, motion cues, or tactile
signals, which may help disambiguate difficult cases where
RGB appearance is insufficient. Another direction is to de-
velop more lightweight architectures or distillation strate-
gies that retain RobotSeg’s robustness while significantly
reducing computational cost. Finally, integrating Robot-
Seg into closed-loop robotic systems and studying its im-
pact on downstream tasks such as 3D robot reconstruction
(e.g., Figure 11), policy learning, manipulation, and nav-
igation represents an exciting avenue for advancing robot
perception and control.
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