This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

MOVE: Motion-Guided Few-Shot Video Object Segmentation

Kaining Ying* Hengrui Hu* Henghui Ding™
Fudan University, China
https://henghuiding.com/MOVE/

Figure 1. We propose a new benchmark for MOtion-guided Few-shot Video object sEgmentation (MOVE). In this example, given two
support videos showing distinct motion patterns (S1: Cristiano Ronaldo’s signature celebration [19], S2: hugging), our benchmark aims to
segment target objects in the query video that perform the same motions as in the support videos. MOVE provides a platform for advancing
few-shot video analysis and perception by enabling the segmentation of diverse objects that exhibit the same motions.

Abstract

This work addresses motion-guided few-shot video object
segmentation (FSVOS), which aims to segment dynamic
objects in videos based on a few annotated examples with
the same motion patterns. Existing FSVOS datasets and
methods typically focus on object categories, which are
static attributes that ignore the rich temporal dynamics in
videos, limiting their application in scenarios requiring mo-
tion understanding. To fill this gap, we introduce MOVE, a
large-scale dataset specifically designed for motion-guided
FSVOS. Based on MOVE, we comprehensively evaluate
6 state-of-the-art methods from 3 different related tasks
across 2 experimental settings. Our results reveal that
current methods struggle to address motion-guided FSVOS,
prompting us to analyze the associated challenges and
propose a baseline method, Decoupled Motion-Appearance
Network (DMA). Experiments demonstrate that our ap-
proach achieves superior performance in few-shot motion
understanding, establishing a solid foundation for future
research in this direction.
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< Henghui Ding (henghui.ding@gmail.com) is the corresponding
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1. Introduction

Few-shot video object segmentation (FSVOS) [3, 37, 40,
42, 52] aims to segment objects of unseen classes in videos
using only a few annotated examples. FSVOS is a rel-
atively underexplored yet promising field. By requiring
only minimal supervision, FSVOS significantly reduces the
need for extensive labeled datasets while enabling rapid
adaptation to new object classes. With these advantages,
it shows great potential in autonomous driving, robotics,
surveillance, augmented reality, and media production [72].

Previous FSVOS methods [3, 51, 54] are semantic-
centric and primarily focus on object categories, associating
query videos with support sets based on object class. For
example, given support images containing pandas, these
methods aim to segment all pandas in the query video
regardless of their individual characteristics. This semantic-
centric paradigm, similar to the widely-studied few-shot im-
age segmentation (FSS) [57, 59, 60, 69], largely overlooks
the crucial temporal dynamics inherent in videos, such as
object motions and temporal dependencies, thus limiting the
advancement of FSVOS research.

We emphasize the fundamental role of motion patterns
in videos, which cannot be adequately captured by static
image-based segmentation approaches. Consider Cristiano
Ronaldo’s celebration motion shown in Figure | (S1), such
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Figure 2. Given a motion of interest, our approach enables
retrieval and indexing of relevant videos and their corresponding
objects from the internet or personal collections. Notably, these
motions of interest can be novel actions that are difficult to

describe accurately using single-frame images or text alone.

dynamic patterns can only be properly represented through
video sequences. Unlike previous few-shot video segmen-
tation methods that focus on object categories, e.g., robot
or mouse in the support videos of Figure 1, we explore
to segment objects based on their motion patterns, e.g.,
hugging, regardless of their object categories. This enables
us to recognize and segment objects performing the same
motions, which facilitates novel motion-based object-level
retrieval in video, as shown in Figure 2.

Recent referring video object segmentation (RVOS) [11,
13, 18, 30, 36, 61, 68] methods explore motion-guided
expressions to segment target objects in videos. However,
these methods face inherent limitations when dealing with
novel or complex motions that are difficult to describe
textually. In contrast, such motions can be effectively
characterized by providing a reference video example, such
as the distinctive dance sequence from the movie in Fig-
ure 2. While widely recognized actions eventually receive
distinctive names, e.g., “CR7’s celebration” and “Joker’s
dance”, this does not contradict our approach. A video is
worth a thousand words, particularly for newly emerging
actions that have not yet gained widespread recognition.

In light of this, we propose MOVE, a new large-scale
motion-guided FSVOS dataset containing 224 motion cat-
egories, 4,300 videos with 261,920 frames in total, and
314,619 high-quality segmentation masks annotating 5,135
objects across 88 object categories. This dataset is designed
to capture diverse motion patterns, facilitating the develop-
ment and evaluation of motion-centric FSVOS methods.

By adapting existing methods [3, 11, 54] to MOVE, we
find that MOVE presents great challenges in understanding
and matching motions between support and query videos.
Understanding motions in support videos requires com-
prehensive analysis of the entire video sequence, rather
than relying on static single-frame semantic recognition.
Furthermore, effectively extracting motion-related proto-
types presents another significant challenge, as existing
methods primarily focus on extracting semantic features
while overlooking the dynamic information inherent in
support videos. To address these challenges, we propose a

Decoupled Motion-Appearance (DMA) module for extract-
ing temporally decoupled motion-appearance prototypes,
enabling the model to focus more on object motions rather
than object appearance. Experiments demonstrate that our
proposed DMA helps the model learn motion-centric fea-
tures, thereby effectively improving model performance.
We conduct a comprehensive evaluation of 6 state-of-the-art
methods from 3 different related tasks across 2 experimental
settings in 2 backbones, demonstrating the superiority of the
proposed DMA in few-shot motion understanding.

In summary, this work makes the following three main
contributions: i) We introduce MOVE, a motion-guided few-
shot video object segmentation dataset that shifts the focus
from static object categories to dynamic motion understand-
ing. ii) We propose DMA, a method based on decoupled
motion and appearance, which demonstrates effective few-
shot motion understanding and achieves strong performance
on the proposed MOVE. iii) We conduct comprehensive
experiments, benchmarking 6 baselines on MOVE, providing
a solid foundation for future research.

2. Related Work

2.1. Video Object Segmentation

Video Object Segmentation (VOS) [12, 14, 20, 21, 46]
aims to track and segment the corresponding objects in
a video sequence, given the object mask in the initial
frame. Early deep neural network (DNN)-based meth-
ods, such as OSVOS [2] and MoNet [58], fine-tuned net-
work parameters during inference to model inter-frame
correlations. Methods like OSMN [62] and LML [1]
used the first frame with a mask as a prompt to gener-
ate a prototype for pixel-level matching with subsequent
frames. Recent trends have shifted toward memory-based
methods. STM [43] introduced memory modules to store
historical frame information, while STCN [7] enhanced
memory usage efficiency. XMem [6] and Cutie [8] further
improved memory mechanisms with multiple granularities
and object-specific storage. Recently, SAM2 [47] emerged
as a large video model extending SAM [26], achieving
significant performance improvements. While previous
VOS methods have achieved milestone progress, their fea-
sibility and scalability are still constrained by the need for
large volumes of densely annotated masks. Additionally,
many methods struggle with out-of-domain inputs. In
contrast to conventional VOS settings, we focus on few-
shot settings to significantly reduce annotation costs and
improve generalization to a wider range of scenarios.

2.2. Few-Shot Video Object Segmentation

Few-shot video object segmentation (FSVOS) (3, 37, 40,
42, 52] has emerged as a promising solution to address the
heavy dependency on pixel-wise annotations in traditional
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Table 1. Comparison of related few-shot video object segmentation/detection datasets [3, 16, 51] with our proposed dataset MOVE.

Dataset Venue Label Type Annotation Support Type Categories Videos Objects Frames Masks
FSVOD-500 [16] [ECCV"22] Object Box Image 500 4,272 4,663 96,609 104,495
YouTube-VIS [3, 63] [CVPR21] Object Mask Image 40 2,238 3,774 61,845 97,110
MiniVSPW [51] [UCV’25] Object Mask Image 20 2,471 - 541,007 -

MOVE (ours) [ICCV’25] Motion Mask Video 224 4,300 5,135 261,920 314,619

VOS. Given an annotated support set, FSVOS aims to
segment novel object categories unseen during training in
query videos with only a few prompt images and masks.
Recent FSVOS methods mainly focus on prototype learn-
ing [3, 37, 54] or affinity calculation [52]. DANet [3] first
defined FSVOS and proposed sampled query agents for
attention. TTI [52] and VIPMT [37] focused on temporal
consistency through prototypes at different granularities.
HPAN [41] and CoCoNet [40] further improved temporal
modeling with graph attention and optimal transport respec-
tively. While these studies advance few-shot segmentation
for novel object categories, they are inherently category-
centric, limiting their real-world applicability. In contrast,
we propose a motion-centric approach that prioritizes the
motion over the object category. In our new task, MOVE, the
support set consists of videos and masks specifying a partic-
ular motion, and the model segments objects performing the
same motion in query videos regardless of their categories,
enabling generalization to both novel motions and objects.

2.3. Motion-centric Tasks

Motion understanding has evolved as a core research di-
rection in video analysis, progressing from early human-
centered action recognition [49, 56, 73] to more com-
plex tasks including action detection [50, 64, 71], spatio-
temporal localization [5, 28, 44]. Recent LVLMs [22, 38,
67] also pay attention to temporal motion-related tasks.
However, these methods require extensive training data
and cannot accurately segment target objects in videos.
Recently, referring video object segmentation [11, 18, 25,
30] has explored using motion-related expressions to seg-
ment target objects, but expressions often fail to accurately
describe novel motions. Our proposed DMA can learn
novel actions with minimal data to segment target objects in
query videos, enabling broader applications across diverse
real-world scenarios.

3. MOVE Benchmark
3.1. Task Setting

Revisit of FSVOS. Few-Shot Video Object Segmentation
(FSVOS) [3, 51, 54] aims to learn a segmentation model
that can generalize to novel object categories with limited
labeled examples. The framework operates on two disjoint
data splits: a base class training set D;,.q;,, and a novel class
test set Dyes¢. The evaluation protocol involves episodes,

where each episode comprises a support set S and a query
set Q. Specifically, the support set encompasses K pairs
of images and their corresponding masks { (I3, M7 )} |
extracted from separate videos, with I} denoting the k-th
support image and M . representing its associated mask
for class c. The query set contains a video with 7" frames
{(If, M ,)}[_,., where If indicates the ¢-th frame and M},
denotes its ground truth mask. The objective of FSVOS is to
leverage the visual and semantic cues from support samples
to accurately segment target objects in query video frames.
Extension. The proposed MOVE focuses on motion cat-
egories rather than object categories. Since static images
inherently lack the capacity to represent temporal dynamics,
we extend the support set S to contain K video-mask pairs
{(Vg, M ,j’c)}ff:l sampled from different videos, where
each video clip V7 demonstrates a motion pattern with
corresponding mask sequence M . of motion-class c. The
query set Q remains as a video sequence of T frames
{(If, M )}YE,. This formulation shifts the focus from
static appearances to temporal modeling, emphasizing mo-
tion as the core feature for video understanding.

3.2. Dataset Annotation

Vocabulary Collection. Following previous video recogni-
tion datasets [9, 24, 53], we build a hierarchical vocabulary
set with four areas: daily actions, sports, entertainment
activities, and special actions. Each category follows
three criteria: fine-grained, mutual exclusion (clear seman-
tic boundaries), and novelty (not well covered in existing
datasets). This systematic classification lays the foundation
for motion-guided few-shot video segmentation tasks.
Video Clip Collection. Videos in MOVE are sourced from
two parts: i) public action recognition datasets [4, 9, 15,
23,27, 29, 31, 32, 45, 70] and ii) internet videos under a
Creative Commons License. During the selection process,
we followed these criteria: videos should have clear motion
boundaries, diverse scenes, and varied subject categories.
Mask Annotation. For videos without preexisting masks,
we recruited well-trained annotators to label high-quality
masks with the assistance of a state-of-the-art VOS segmen-
tation model [48] on an interactive annotation platform.

3.3. Data Statistics and Analysis

As shown in Table 1, our MOVE benchmark contains 224
action categories across four domains (daily actions, sports,
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Figure 3. Overview of our proposed method.

Query Video

entertainment activities, and special actions), with 4,300
video clips, 5,135 moving objects, 261,920 frames, and
314,619 mask annotations. Compared to existing object-
centric datasets, MOVE features video-level support samples
and motion-based categories, while maintaining compara-
ble scale in terms of videos and annotations. Each video clip
is equipped with high-quality pixel-level mask annotations,
capturing diverse scenes, subjects (person, vehicle, animal,
etc.), and motion complexities. For more statistics, please
refer to the supplementary materials.

4. Methodology

4.1. Overview

As shown in Figure 3, the proposed method consists of
five main components: 1) a shared encoder for extracting
multi-scale features from both support and query video
frames, 2) proposal generator for obtaining coarse mask
proposals of the query video, 3) a shared DMA module for
extracting decoupled motion-appearance prototypes, 4) pro-
totype attention module for facilitating interaction between
support and query prototypes, and 5) mask decoder for
generating the final segmentation masks of the query video.
In the following sections, we describe each component
in detail. For simplicity, we describe our method in the
I-way-1-shot setting, although it can be easily extended
to N-way-K-shot scenarios. Given a support video clip
with T frames {If}f;l and corresponding mask sequence
{M;}]=,, along with a query video clip containing 7,
frames {I}! }tTil, our goal is to segment out the target object
mask sequence {Mtq}ﬁl in the query video that exhibits
the same motion pattern as the object in the support video.

4.2. Encoder and Proposal Generator

Encoder. Our encoder £ combines a backbone [17, 39]
with a feature pyramid network [34] to extract multi-scale
features from both the support and query videos as follows:

Fug, Frow, Fise, Flup =E(Iy), t=1,...,T, (1)

“CR7’s celebration” Qdma DDD
N
Classifier;, X
Cross Attention
Self Attention

Cross Attention

“‘person” P dma

Figure 4. Decoupled Motion-Appearance (DMA) Module.

where Fj; ; is the i-th layer feature of the ¢-th frame ;. T
denotes the total number of frames. Fjq ¢, Fia, Fi3¢, and
Fy4 ¢ correspond to features at resolutions of 1/4,1/8,1/16,
and 1/32 of input resolution, respectively.

Proposal Generator. This module processes multi-scale
query features { F}}, Fj%,, F}4, F}} } to generate coarse mask
proposals. It employs three convolutional blocks at differ-
ent scales (1/32, 1/16, and 1/8 resolution) with residual
connections. Features are progressively refined through up-
sampling and fusion, with final predictions generated by a
lightweight convolutional head that outputs single-channel
proposals. This approach effectively balances multi-scale
information utilization and computational efficiency.

4.3. Decoupled Motion-Appearance Module

As shown in Figure 4, DMA module extracts decoupled
motion-appearance prototypes for both query and support
branches. The module takes the 1/4 resolution features
Fy; and corresponding object masks M as input, where the
support branch utilizes pre-annotated support masks while
the query branch leverages mask proposals generated by the
proposal generator.

Appearance Prototype. DMA first extracts appearance
prototypes P, by applying mask pooling on feature Fj;:

p - Zh,w FpnoM c RT x4
Zh,wM

where ® denotes element-wise multiplication.

Motion Prototype. DMA then extracts motion proto-
types by calculating temporal differences between adjacent
frames features, where the temporal difference at the last
time step is padded with zeros:

2

Dpny=Fpn41—Fag, t=1,...,T—1,

3
P,y — Pooling(Comv3D(Dyy)) € RTX4, O

where Conv3D denotes 3D convolutional layers for tempo-
ral feature enhancement, and Pooling is a spatial pooling
operation that aggregates the motion features across the
spatial dimensions into motion prototypes P,,.
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To guide the learning of discriminative and complemen-
tary motion and appearance prototypes, we introduce two
auxiliary classification heads:

po = Classifier,(AvgPool (P,)) € R, 4)
pm = Classifier,, (AvgPool(P,,)) € R, (5)

where (), is the number of predefined object categories and
C, 1s the number of motion categories. These classification
tasks explicitly guide P, to encode object-specific appear-
ance information, while P,, focuses on motion-specific
temporal dynamics. This decoupled supervision ensures
that the two prototype branches learn complementary fea-
tures for appearance and motion, respectively.

The extracted motion prototypes P, are further refined
using a transformer-based architecture. As shown in Fig-
ure 4, this architecture processes learnable queries Qgma
and a special [CLS] token through multiple transformer
layers. Each transformer layer consists of cross-attention
modules attending to motion prototypes P,, and appearance
prototypes P,, followed by self-attention modules and feed-
forward networks (FFN). This process produces the final
decoupled motion-appearance prototypes Pyma. along with
the [CLS] token used for prototype matching.

4.4. Prototype Attention and Mask Decoder

Prototype Attention. To fuse prototype features from both
support and query videos, we introduce a prototype atten-
tion module that consists of multiple transformer layers.
Given the decoupled motion-appearance prototypes Py .
and P . this module performs cross-attention where Py
serves as queries while P = serves as keys and values,
followed by self-attention on the enhanced Pj  features.
Through multiple transformer layers, this iterative process
refines the prototypes, facilitating effective information ex-
change while preserving their distinctive characteristics.
The enhanced prototypes, denoted as Pjf° , are subse-
quently used for mask generation in Mask Decoder.

Mask Decoder. The Mask Decoder generates segmentation
masks by fusing multi-scale features under the guidance of
prototypes Pj” . It enhances features at different scales
via cross-attention with prototypes, enabling the features
to focus on motion-centric information. These enhanced
features are then progressively fused in a top-down manner.
This hierarchical design together with motion prototype
guidance ensure that both high-level semantic information
and low-level spatial details are effectively leveraged, con-
tributing to the accurate prediction of the final mask.
Matching Score. To determine whether the query instance
exhibits the same motion as the support instance, we com-
pute a matching score based on the [CLS] tokens from both
branches. The matching score is calculated as:

Smateh = €0s([CLS]s, [CLS],), (6)

Table 2. Necessity study of the proposed MOVE benchmark.

Methods Type Support Query YTVIS[3] MOVE
SCCAN [59] FSS Image Image 62.3 40.6
HPAN [3] FSVOS Image Video 63.0 44.4
HPAN* FSVOS Video Video 62.7 46.3
LMPM [11] RVOS Text Video 62.5 41.8

where cos(-,) represents the cosine similarity between
the [CLS] tokens from support and query branches. The
matching score Spyaen ranges from -1 to 1, with higher
values indicating that the query instance is performing the
same motion as the support instance, and lower values
suggesting different motions.

5. Experiment

Evaluation Metrics. Following prior works [3, 12, 54], we
use J&F to evaluate segmentation quality, with 7 and F
measuring IoU and contour accuracy, respectively. For ro-
bustness evaluation, we include query samples with empty
foreground and adopt N-Acc and T-Acc metrics [35] to
measure accuracy on empty and non-empty target samples.
Dataset Settings. MOVE contains 224 motion categories.
For cross-validation, we split these into 4 folds with two
strategies: Overlapping Split (OS) and Non-overlapping
Split (NS) based on node-level motion distribution. Please
refer to supplementary materials for more details.
Implementation Details. Our backbone uses ResNet50
[17] pre-trained on ImageNet [10] and VideoSwin-
Tiny [39] pre-trained on Kinetics-400 [24]. Following
previous work [3, 54, 65, 66], we employ both cross-
entropy and IoU losses for mask prediction and proposal
generation. Additionally, we use cross-entropy loss for the
auxiliary classification head and matching score prediction.
We use a learning rate of le-5 with a cosine annealing
scheduler for optimization. For our main experiments,
we train for 240,000 episodes on 3 folds and test on
the remaining fold with 20,000 episodes, using both
2-way-1-shot and 5-way-1-shot settings as our primary
configurations. Unless otherwise specified, ablation studies
are conducted with 150,000 episodes, training on 2 folds
and testing on the remaining 2 folds, using the 2-way-1-shot
setting on OS. All the experiments are conducted on 4
NVIDIA RTX A6000 (48GB) GPUs.

5.1. Benchmark Necessity Study

To demonstrate the necessity of our MOVE benchmark, we
conduct experiments comparing state-of-the-art methods
across different areas on both the common-used YouTube-
VIS (YTVIS) [63] and our proposed MOVE datasets, as
shown in Table 2. The use of YouTube-VIS strictly fol-
lows the few-shot setting in [3]. Notably, when evaluated
on YTVIS, the image-based FSS method SCCAN [59]
achieves 62.3% J&JF, comparable to HPAN [3] (63.0%
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Table 3. Main results on MOVE benchmark with overlapping split (OS) setting. Bold and underlined indicate the largest and second largest
values under the same backbone, respectively. VSwin-T indicates VideoSwin-T backbone [39].

Mean (2-way-1-shot)

J & F (2-way-1-shot)

Mean (5-way-1-shot)

J&F (5-way-1-shot)

Methods Venue Type Backbone

J&F T-Acc N-Acc 1 2 3 4  J&F T-Acc N-Acc 1 2 3 4
LMPM [11] [iCCVv'23] RVOS ResNet50 41.8 93.1 53 452 42.1 40.7 39.1 263 983 26 275 317 227 233
CyCTR [69] [ECCV'24] FSS  ResNet50 344 98.4 1.2 328 344 357 345 225 99.2 0.1 23.1 215 20.8 24.7
SCCAN [59] [ECCV'24] FSS  ResNet50 40.6 939 58 475 37.1 405 374 286 973 2.8 277 325 272 271
DANet [3] [CVPR21] FSVOS ResNet50 454 97.1 82 414 447 47.1 482 254 772 28.0 274 235 258 25.0
HPAN [54] [CSVT'24] FSVOS ResNet50 44.4 973 72 484 452 434 408 340 99.1 3.1 37.6 348 346 29.1
TTI[51] [JCV25] FSVOS ResNet50 452  97.6 94 458 439 437 474 356 706 262 33.8 359 348 37.8
DMA (Ours) [ICCV'25] FSVOS ResNet50 50.1 98.6 11.5 51.2 46.2 54.3 48.6 40.2 99.5 28.7 40.7 38.9 41.3 39.7
DANet [3] [CVPR'21] FSVOS VSwin-T 498 934 165 493 475 525 499 36.1 372 303 348 343 383 37.1
DMA (Ours) [ICCV'25] FSVOS VSwin-T 51.5 989 212 51.1 48.6 563 50.0 414 998 31.0 415 39.8 42.7 41.1

Table 4. Main results on MOVE benchmark with non-overlapping split (NS) setting.

Methods Venue Type Backbone Mean (2-way-1-shot) J&F (2-way-1-shot) Mean (5-way-1-shot) J & F (5-way-1-shot)

J&F T-Acc N-Acc 1 2 3 4 J&F T-Acc N-Acc 1 2 3 4
LMPM [11] [1CCv'23] RVOS ResNet50 38.8 94.8 44 455 345 365 385 29.8 96.6 24 289 264 37.6 26.1
CyCTR [69] [ECCV'24]  FSS  ResNet50 282 98.0 1.0 312 257 33.0 227 234 953 32 236 212 276 213
SCCAN [59] [ECCV24]  FSS  ResNet50 34.5 923 59 418 327 292 343 278 96.0 43 317 314 258 222
DANet [3] [CVPR21] FSVOS ResNet50 44.6 97.7 25 484 369 495 436 299 96.6 42 295 240 310 353
HPAN [54] [CSVT'24] FSVOS ResNet50 39.1  96.3 1.4 49.1 349 40.0 323 302 99.1 1.1 353 285 303 266
TTI [51] [ICv'25] FSVOS ResNet50 43.6 972 24 472 334 50.0 439 327 983 09 350 29.8 357 302
DMA (Ours) [ICCV'25] FSVOS ResNet50 46.0 98.2 7.8 47.8 379 48.0 50.3 347 99.6 50 35.6 31.5 37.0 34.6
DANet [3] [CVPR21] FSVOS VSwin-T 474 972 12 532 374 483 509 300 748 29 346 265 32.1 268
DMA (Ours) [ICCV'25] FSVOS VSwin-T 49.0 98.0 88 544 374 485 559 354 974 93 379 299 36.6 37.2

J&F) which is specifically designed for FSVOS. This
suggests that YTVIS primarily relies on category-based
object association, requiring minimal temporal understand-
ing between support and query samples. However, the
performance landscape changes dramatically on MOVE. SC-
CAN’s performance drops significantly to 40.6% J&F,
substantially lower than HPAN’s 44.4% J&F. This stark
contrast highlights the critical role of temporal information
in MOVE. Furthermore, we enhance HPAN (denoted as
HPAN*) by incorporating temporal modeling during proto-
type extraction through a simple self-attention mechanism
across frames. This modification yields a notable improve-
ment from 44.4% to 46.3% [J & F, further emphasizing the
importance of motion understanding in our benchmark.

Furthermore, we benchmark the referring video object
segmentation method LMPM [11] on our MOVE dataset
by converting support set into referring expressions with
the template “The one [motion category]’. While LMPM
achieves competitive performance of 62.5% J&JF on
YTVIS, only 0.2% J&F lower than the temporally-
enhanced HPAN*, its performance drops significantly to
41.8% J&F on MOVE, substantially underperforming
compared to HPAN*’s 46.3% J&JF. We attribute this
performance gap to the presence of fine-grained, novel,
and specialized motion patterns in our MOVE dataset like
mutations and moonwalks, which are difficult to describe
clearly using text. These findings underscore the unique
challenges posed by MOVE and emphasize its necessity in

advancing motion-centric few-shot video understanding.

5.2. Main Results

As shown in Table 3 and Table 4, we benchmark referring
video object segmentation (RVOS) [11], few-shot image
segmentation (FSS) [59, 69], and few-shot video object
segmentation (FSVOS) methods [3, 51, 54] across 2-way-
I-shot and 5-way-1-shot test settings on both OS and NS
data splits with two different backbones, ResNet50 [17]
and VideoSwin-T [39]. Our proposed DMA consistently
outperforms all competing methods across all metrics and
settings, demonstrating its superior few-shot motion un-
derstanding and segmentation capabilities. For the J&F
metric with ResNet50 backbone, DMA achieves signifi-
cant improvements over the second-best method, reaching
50.1% (vs. 45.4%) in 2-way-1-shot and 40.2% (vs. 35.6%)
in 5-way-1-shot under the OS setting. This substantial
performance gap highlights the limitations of existing meth-
ods in effectively modeling motion patterns. When using
VideoSwin-T backbone, which provides better temporal
feature extraction, our method further improves to 51.5%
and 41.4% in respective settings, indicating the importance
of temporal modeling in motion-centric segmentation. It
is worth noting that performance on the NS setting (46.0%
J & F with ResNet50) is lower than OS (50.8%), reflecting
its greater challenge as a more realistic scenario where test
categories have completely different parent classes from
training categories. Regarding robustness metrics, while
DMA maintains high target accuracy (T-Acc) of 98.6%
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Table 5. Ablation study on motion extractor.

ID | Motion Extractor | J&F  T-acc  N-acc
I Mask Pooling 41.3 98.0 6.8
II Mask Adapter 43.4 98.4 6.6
1 Differencing 46.8 99.8 12.3

Table 6. Ablation study on DMA prototype extractor.

ID Appear. Motion J&F  T-acc N-acc
I v 36.5 80.1 304
I v 43.8 95.5 10.7
I v v 46.8 99.8 12.3

Table 7. Ablation study on auxiliary classification.

ID | Object Motion | J&F  Tacc  N-acc
I 43.8 97.2 52
I v 442 87.6 9.6
I v 43.5 83.2 7.2
v v v 46.8 99.8 12.3

Table 8. Oracle results on motion category and mask.

ID Motion Mask TJ&F T-acc N-acc
I v 63.6 100.0 100.0
11 v 74.3 73.2 100.0

(a) w/o Decoupling

(b) w/ Decoupling

and achieves better non-target accuracy (N-Acc) of 11.5%
with ResNet50 compared to baselines, the generally low N-
Acc scores across all methods suggest a common challenge
in effectively modeling background information to reduce
false positives. This limitation points to a promising direc-
tion for future research in MOVE.

5.3. Ablation Studies

Ablation study on motion extractor. As shown in Table 5,
our proposed differencing-based motion extractor achieves
better performance compared to baseline approaches such
as mask pooling and mask adapter [33], improving J&F
from 41.3% (mask pooling) and 43.4% (mask adapter) to
46.8%. The explicit motion modeling through frame differ-
encing enables more effective extraction of motion-centric
prototypes, leading to enhanced motion pattern recognition
and segmentation performance.

Ablation study on DMA prototype extractor. As shown
in Table 6, we analyze the contribution of appearance and
motion prototypes in our DMA prototype extractor. Us-
ing only appearance prototypes (I) achieves 36.5% J&F,
while using only motion prototypes (II) results in 43.8%
J&F. These results suggest that while appearance features
provide static cues for target object recognition, they are in-
sufficient for motion-centric video understanding in MOVE.
In contrast, motion features capture temporal dynamics, en-
hancing the distinction between different motion categories.
When combining both prototypes (III), our model achieves
the best performance of 46.8% J&JF, demonstrating the
complementary nature of static appearance and dynamic
motion information in our DMA mechanism.

Ablation study on auxiliary classification. As shown in
Table 7, applying auxiliary classification supervision sep-
arately to appearance and motion prototypes yields the
best performance of 46.8% J&JF. We attribute this im-
provement to explicit supervision of object and motion,
which effectively enhances the decoupling of motion and
appearance features, resulting in overall performance gains.
Orcale results. As shown in Table 8, we conduct oracle
experiments to analyze the performance upper bound of our
model. When provided with perfect motion category labels,

»o *

Figure 5. t-SNE [55] visualization of prototypes in our model
(a) w/o decoupling and (b) w/ decoupling. Different colors
and different shapes represent the object categories (e.g., cat) and
motion categories (e.g., surfing), respectively. The proposed DMA
effectively extracts the motion-centric prototypes and makes those
having the same motions closer in feature space.

the model achieves 63.6% J&F, while using ground truth
masks yields higher J&F of 74.3%. The results indicate
significant room for improvement in both motion under-
standing and mask prediction capabilities.

t-SNE Visualzation of Prototypes. As shown in Figure 5,
we visualize the decoupled motion-appearance prototypes
Pyma using t-SNE [55]. Without our DMA approach for
prototype extraction, prototypes cluster according to ob-
ject categories, i.e., colors. In contrast, with our proposed
DMA approach, prototypes cluster based on motion cat-
egories, i.e., shapes, highlighting the effectiveness of our
method in capturing motion-centric representations rather
than appearance-based features.

5.4. Qualitative Results

Figure 6 presents several representative examples compar-
ing our DMA with the baseline methods DANet [3] and
HPAN [54]. In case (a), we showcase a challenging scenario
where objects of different categories perform the same
action: a cat playing the drums and a person playing the
flute in the support videos while a person playing the drums
in the query video. Baseline methods fail by segmenting
based on the same object category of “person”, whereas our
method correctly segments the target based on the shared
motion pattern, “playing the drums”. This demonstrates
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Support 1

HPAN DANet Query & GT Support 2

DMA

(a) Different categories with the same action (b) Supports with strong temporal correlation

(c) Background scene misleading

Figure 6. Qualitative comparison of representative cases from MOVE between baseline methods, DANet [3] and HPAN [54], and our
proposed DMA. (a) shows different object categories of “cat” (Support 1) and “person” (Query) performing the same action, “playing
drums”. (b) presents temporally correlated motions: fingers transitioning “from pinching to opening” (Support 1) and “from opening to
pinching” (Support 2 & Query videos). (c) is a misleading background in the Query video, playing “football” on the “basketball court”.

the effectiveness of our DMA design in prioritizing motion
cues over object class identity. In case (b), we highlight a
scenario with strong temporal correlations between frames
in the support set: fingers transitioning from pinching to
opening and from opening to pinching. While baseline
methods struggle with fine-grained action discrimination
due to insufficient temporal modeling, our proposed method
effectively captures subtle temporal dependencies, leading
to precise motion recognition and object segmentation. In
case (c), our model correctly segments the target object,
whereas the baseline methods are misled by the background
context of playing “football” on the “basketball court”,
and fail to capture the specific motion category. These
examples demonstrate the superiority of our approach in
few-shot motion understanding. Additional failure cases are
provided in the supplementary material.

6. Conclusion

We introduce MOVE, a new benchmark for motion-guided
few-shot video object segmentation. Unlike existing
FSVOS datasets that segment objects based on object

categories, the proposed MOVE emphasizes temporal
dynamics by segmenting objects according to motion
categories that correlate with support and query videos.
Experimental results show that MOVE poses significant
challenges to current state-of-the-art methods, motivating
us to propose DMA that decouples motion and appearance
prototypes for more robust and effective motion prototype
extraction. MOVE provides a foundation for advancing
research in motion-centric few-shot video understanding
and temporal modeling for segmentation tasks.

Future Directions. The MOVE benchmark opens up several
promising research directions that need further investiga-
tion. We highlight some key areas for future exploration:
1) decomposing complex motions into meta-motions for
more general and efficient motion prototype learning, ii)
modeling relational motions that involve interactions be-
tween multiple objects, iii) improving fine-grained motion
discrimination through extracting more robust motion pro-
totypes, iv) handling long-term temporal motions spanning
multiple seconds through efficient temporal modeling, and
v) learning discriminative background prototypes to sup-
press false positives in complex scenes better.
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