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Abstract

Few-Shot Video Object Segmentation (FSVOS) aims to
achieve accurate segmentation of video sequences supported
by limited annotated images. In this work, we analyze the de-
ficiencies inherent in the use of object prototypes and pixel
features as references in previous methods. Then we shed
light on that part features, with the ability to adapt to appear-
ance variations and resist noise, are advantageous as repre-
sentative reference features for aligning support images and
query videos. Therefore, we propose a Part Agent Learning
Network (PALN) to leverage part features from two aspects.
First, we elaborately employ Optimal Transport algorithm
with equal partition constraint to make part agents capable
of dividing support objects into diverse parts in an adaptive
manner. Second, we design a dedicated cache mechanism to
learn temporal part agents as lightweight historic target rep-
resentation to exploit temporal consistency. With the aid of
these learned part agents, our PALN can effectively achieve
support-query alignment and temporal alignment for accurate
segmentation of query videos. Extensive experimental results
on two challenging benchmarks demonstrate that our method
performs favorably against state-of-the-art FSVOS methods.

Introduction

Video object segmentation (VOS) (Oh et al. 2019; Cheng
and Schwing 2022; Yang, Wei, and Yang 2021; Sun et al.
2023) is a fundamental vision content understanding task.
Despite the tremendous success, current deep learning based
VOS methods heavily rely on dense video annotations,
which are laborious and time-consuming to obtain. To re-
duce the need for human annotations, few-shot video object
segmentation (FSVOS) (Siam et al. 2021; Chen et al. 2021)
has been proposed and attracts increasing interest, which
aims to achieve accurate segmentation of video sequences
supported by limited annotated images.

For FSVOS methods, during the testing phase, given the
support set (i.e., a few images with masks of target ob-
jects), the model need to identify corresponding objects in
query set (i.e., unlabeled video sequence). And these ob-
jects may be new classes that have not been seen during the
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Figure 1: Illustration of our motivation. (a) Identification
score is used to measure the adaptability to appearance vari-
ations in query video and part features are more suitable for
recognizing moving targets. (b) The support-query correla-
tion is measured using cosine similarity, and the part features
have the ability to resist noise compared to the pixel feature,
achieving more accurate correlation.

training phase, imposing stricter requirements on the model
generalization. Therefore, during the training phase, existing
FSVOS methods adopt the meta-learning (Finn, Abbeel, and
Levine 2017) paradigm that simulates the testing procedure
by sampling some support images and query videos from the
training data, enabling the model to learn conditional seg-
mentation capability, while enhancing the generalization for
unseen categories. Since there are usually significant differ-
ences between support and query, such as scale, pose, back-
ground variations and different structure (i.e., video has an



additional temporal dimension), how to fully exploit repre-
sentative reference features to align support images and the
query video is thus extremely challenging.

Top-performing FSVOS methods can be roughly catego-
rized as prototypical learning methods and affinity learn-
ing methods. On the one hand, prototypical learning meth-
ods (Liu et al. 2023; Siam, Derpanis, and Wildes 2022; Tang
et al. 2023) adopt masked average pooling on support fea-
ture map to achieve a compact vector (called prototype) to
encode the object semantics as the reference of the query
segmentation. However, the target in the query video tends
to constantly change the pose, such as the fox turn in Fig-
ure 1(a). The object prototype struggles to handle every sit-
uation coherently. On the other hand, affinity learning meth-
ods (Chen et al. 2021; Luo et al. 2024) attempts to directly
leverage pixel-pair similarity between support features and
query features for segmentation. These methods take advan-
tage of the detailed pixel feature as the diverse target repre-
sentations. However, direct pixel correlation tends to suffer
from the confusion caused by noisy pixels, background clut-
ters and intra-class differences because of the lack of con-
textual information. As illustrated in Figure 1(b) where the
target is fox, the support-query similarity (i.e., 0.7) between
foreground pixel and foreground pixel is less than the simi-
larity (i.e., 0.9) between the foreground pixel and confusing
background pixel, and the erroneous correlation can lead to
misclassification of the query pixel. Overall, the above anal-
ysis indicates that neither object prototype nor pixel feature
are suitable as the representative reference feature.

Motivated by the above discussions, we propose to extract
the part feature as the representative reference. The part fea-
ture represents a local region of the target with a granular-
ity between the pixel feature and the object prototype. Af-
ter an in-depth analysis, we find two key properties of part
feature which are urgent for FSVOS. (1) Adaptation to ap-
pearance variations. Intuitively, humans can quickly distin-
guish the target in motion by capturing partial cues, despite
the variations of the target appearance during the video se-
quence due to factors such as movement, rotation, and light-
ing changes. In order to quantitatively compare the discrim-
ination of the object prototype and the part feature, we de-
fine the identification score, which is the average of the co-
sine similarity between the support prototype/part and all the
query pixel features in the foreground region. As illustrated
in Figure 1(a), for each query frame, we can always match
a part feature with high identification score that exceeds the
score of the object prototype, indicating the superiority of
part features in recognizing moving targets within the video.
(2) Resistance to correlation noise. With the region con-
text, part feature is naturally resistant to noisy pixels. As
demonstrate in Figure 1(b), the part feature enhances the cor-
rect correlation (i.e., 0.7—0.98) and rectifies the incorrect
correlation (i.e., 0.9—0.1). Generally, erroneous correlation
will confuse the aggregation of target information and thus
produce inaccurate segmentation. Therefore, the part feature
plays a critical role in suppressing the ambiguous correlation
and further establishing reliable support-query alignment.

In this paper, we propose an end-to-end Part Agent
Learning Network (PALN) including a part agent encoder,
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a support-query alignment decoder and a temporal align-
ment decoder to learn the part feature as representative ref-
erence feature for support-query and temporal alignment.
Specifically, (1) to learn the part feature, it is not difficult
to consider pooling all pixel features within a local region
into a single vector. However, relying solely on boundary-
derived fragments (such as SLIC (Achanta et al. 2012)) may
result in a gap between the obtained fragments and the actual
semantic regions. Therefore, directly clustering based on se-
mantic features is a better approach. Nevertheless, existing
clustering algorithms like K-Means lack the ability to adjust
the distribution of cluster centers, which can lead to multi-
ple centroids focusing on the same object part. To alleviate
this problem, we resort to Optimal Transport algorithm in
the part agent encoder and impose the equal partition con-
straint to expand the discrepancy among part masks to obtain
the part agents. In this way, the part agents can decompose
different target objects into diverse and complementary parts
in an adaptive manner. (2) Compared to object prototypes
and pixel features, part features can establish more reliable
correlation with the query video. Therefore, we employ the
attention mechanism in the support-query alignment de-
coder to integrate the learned part agents into the query fea-
tures. (3) Due to the intrinsic temporal consistency within
the query video, the target representation from historical
frames can serve as the supplementary of support for iden-
tifying target object in current frame. Therefore, we design
a dedicated cache mechanism in the temporal alignment
decoder that utilizes the maximum orthogonality principle
to extract part features from the previous frame (referred to
as temporal part agents). The learned temporal part agents
exhibit characteristics of reliability, representativeness and
diversity. Compared to existing VOS methods that rely on
memory of dense features, our lightweight inference process
is more friendly for episodic meta-training, thereby enhanc-
ing generalization to unseen categories.

The contributions of our method can be summarized as
follows: (1) We analyze the bottlenecks that exist in previous
methods from the perspective of object prototypes and pixel
features, and shed light on the potential of part features as
representative reference features for FSVOS. (2) We propose
a Part Agent Learning Network (PALN) to encode part fea-
tures for both support-query alignment and temporal align-
ment in a unified framework. Specifically, we elaborately
leverage Optimal Transport algorithm with equal partition
constraint to compress part agents from support images. Ad-
ditionally, we design a dedicated cache mechanism to learn
the temporal part agent from historical frames. (3) Exten-
sive experimental results on two challenging benchmarks
demonstrate that our method performs favorably against
state-of-the-art FSVOS methods.

Related Work

Few-Shot Video Object Segmentation. VOS aim to predict
the foreground object mask in every video frame given an
object mask at the first frame in the semi-supervised setting.
Deep learning based VOS methods demonstrate the effec-
tiveness of modeling temporal information in video segmen-
tation tasks. For instance, STM (Oh et al. 2019) constructs
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Figure 2: Illustration of the proposed PALN. Our framework mainly consists of three modules. (1) The part agent encoder aims
at condensing support information into a set of part agents as target representations. (2) The support-query alignment decoder
is responsible for conveying the support information of part agents to the query. (3) The temporal alignment decoder aims to
learn the temporal part agents from previous frame to assist the segmentation of current frame.

a memory bank for each object and the non-local attention
mechanism is applied to retrieve information from mem-
ory to facilitate object segmentation in the current frame.
STCN (Cheng, Tai, and Tang 2021) improves the matching
metric function and efficiency on this base. XMem (Cheng
and Schwing 2022) proposes to use sensory memory, work-
ing memory, and long-term memory to build long-range
temporal information. Recently, some methods introduced
the global interaction of the transformer to the segmenta-
tion task, opening up a new segmentation paradigm (Cheng,
Schwing, and Kirillov 2021; Sun et al. 2021; Cheng et al.
2022; Luo et al. 2023; Mai et al. 2023; Pan et al. 2023, 2024,
Xiong et al. 2024), e.g., Cuite (Cheng et al. 2024) leverages
object queries as a high-level summary of the target object
in the transformer decoder and achieve excellent results on
long video segmentation. To reduce dependence on anno-
tated data, FSVOS aims at segmenting objects in the query
videos with a certain class given limited labeled support im-
ages of the same category. Previous FSVOS methods can be
roughly categorized as affinity learning methods and proto-
typical learning methods. For affinity learning, DAN (Chen
et al. 2021) performs dense matching between support and
query feature and considers one single frame of the query
video to bridge the support and query. For prototypical learn-
ing, VIPMT (Liu et al. 2023) proposes to compress the fea-
tures of support and video frames into a compact vector (pro-
totype) to prompt query segmentation. HPAN (Tang et al.
2023) uses K-Means to cluster the support features into mul-
tiple prototypes. Combining the strengths of previous meth-
ods, we innovatively propose to model the part features in
a learnable, adaptive and lightweight manner to extract both
support and temporal information for FSVOS.
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Few-Shot Image Segmentation. FSIS aims to perform
dense segmentation for the novel class given only a few an-
notated examples. Mainstream few-shot segmentation meth-
ods can be roughly divided into two categories according to
the paradigm to excavate target information from support:
prototype-based methods and affinity-based methods. For
the former, most methods (Shaban et al. 2017; Tian et al.
2020; Wu et al. 2021; Xie et al. 2021a; Yang et al. 2020;
Liu et al. 2020; Li et al. 2021; Zhang, Xiao, and Qin 2021)
condense the masked support features into single or multi-
ple prototypes for feature comparison or aggregation. For
example, SG-One (Shaban et al. 2017) calculates the co-
sine similarity between a single support prototype and query
features to guide the prediction. PFENet (Tian et al. 2020)
and the following works (Wu et al. 2021; Xie et al. 2021a)
make use of a class-wise prototype to produce a training-free
prior mask to guide the segmentation. While for the affinity-
based methods (Zhang et al. 2021; Wang et al. 2022; Hong
et al. 2022; Wang et al. 2020; Xie et al. 2021b; Wang, Sun,
and Zhang 2023; Wang, Luo, and Zhang 2023), fine-grained
pixel-wise relationships between support and query features
are further considered to retain the details. Although current
FSIS methods make great progress in matching query and
support, they are not competent in the video segmentation
tasks due the the lack of temporal consistency mining.

Method

As shown in Figure 2, our PALN mainly consists of three
modules. (1) The part agent encoder aims at condensing sup-
port information into a set of part agents as target represen-
tations. (2) The support-query alignment decoder is respon-
sible for conveying the support information of part agents to



the query. (3) The temporal alignment decoder aims to ef-
fectively exploit the temporal consistency and learn the tem-
poral part agents to assist the segmentation of current frame.

Problem Definition

The few-shot video segmentation is conducted on a set of
episodes during testing. Both the training set Dy,.q;,, and the
testing set D¢ are composed of several episodes, where the
labels are disjoint, i.e., Cirqin N Ciest = . Each episode
contains a support set S and a query set Q. Specifically, the
N-shot setting means that the episode is composed of N
support images, i.e., S = {(I7, M})}L,, where y; denotes
corresponding binary mask. And Q@ = {(I], M;")}]_, con-
tains a query video V¢ with T" frames and the associated
ground truth masks in the same class with the support set S.
The ultimate goal is to segment a query video V7 € Q given
a few labeled images from S. We use N = 1 to describe our
method.

Part Agent Encoder

We design the part agent encoder to condense support in-
formation into a set of part agents as desired representa-
tive reference features. Specifically, given the support im-
age I° and a query frame I9, we use a backbone network
as feature extractor to obtain the support and query features
Fs F9 ¢ RP¥wXe where h, w and ¢ denote height, width
and the number of channels, respectively. With correspond-
ing target mask M *, we filter out the background pixels from
the support features:

F* = F* @ I(M*), (1

where ® is the Hadamard product, and Z denotes the opera-
tion that resizes M * to the same shape as F'°. Then we ini-
tialize a set of part agents p® € RN=*¢ and employ them to
calculate the similarity with the support features F*¢, where
N, denotes the number of part agents. We first project the
part agents and support features to obtain queries Q%, keys
K?® and values V? as:

Qa _ paWQ’ K = FS'WK, VS = FSWV7 2)
where W@ WK WV ¢ R¥¢ are linear projections. And
the correlation map can be derived by:

Q*(K°)" >
\/E )
where +/c is a scaling factor.

To assign the group of semantically consistent pixels to
the same agent to form the part, we formulate the pixel-
agent assignment as a discrete form of Optimal Transport
(OT) problem (Villani 2009). The goal of the OT problem
is to find a optimal transport plan T* at a global minimal
transport cost. In FSVOS, the correlation A can be regarded
as the opposite of the transportation cost between support
pixels and agents. Thus optimizing the OT problem is equal

to maximize the total correlation, i.e., push each pixel as far
as possible to the most similar agent, formulated as:

T* = argmaxpcy Tr (TTA) + eH(T),

A = softmax < 3)

“
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where H(T) = — 3, T;;log T is the entropy function,
and € is the parameter that controls the smoothness of the

mapping. 7 is the feasible range of the transport plan T,
defined as:

T = {T e RN |71 =1, T71 = 11}, (5)
where 1 denotes the vector of all ones in the appropriate di-
mension. The equal partition constraints in Eq.(5) enforces
that each agent is assigned the same number of foreground
pixels thus preventing a trivial solution where all pixels are
assigned to a single agent, as T* in the Figure 2. So that dif-
ferent agent responsible for different part areas that are com-
plementary. The optimal transport plan T* in Eq.(4) can be
obtained via a fast variant of Sinkhorn-Knopp (Cuturi 2013)
which is differentiable.

We apply the weighted pooling with new assignment map
T* followed by a feed-foreard network (FFN) (Vaswani
et al. 2017) to update the part agents:

p* = FEN(T*V?) (6)

The updated part agents naturally differentiate themselves,
eliminating the need for additional explicit supervision, such
as diversity loss.

Support-Query Alignment Decoder

The support-query alignment decoder aims at conveying the
support information to the query and the part agent is a
bridge responsible for aligning the features on both sides.
Concretely, we first feed the query features F? into de-
formable self-attention layers (Zhu et al. 2020) to incorpo-
rate context information from other pixels. Afterwards, sim-
ilar to Eq.(2), we use linear projections to project the query
features F'? to the queries QY, and project the part agents p*
to the keys K and the values V. Then the support infor-
mation from part agents can be aggregated by:

q a\T
Ve

Temporal Alignment Decoder

The temporal alignment decoder is responsible to effec-
tively exploit the temporal consistency between query video
frames to mine extra guidance. We desire to learn the tem-
poral part agent from historical frames. To achieve this,
we design a cache mechanism which involves the previous
frames. Specifically, at frame ¢, we preserve the query fea-
tures F}_, € R"X%X¢ of previous frame ¢t — 1 as well as

its predicted target probability M,_; € R>w predicted by
the network. We first measure the uncertainty U using the
entropy of M;_y:

F? = FFN (softmax <

U= _Mtfl log Mt71~ ®)

Then Ny = 0.3 x h x w foreground feature points with low
uncertainty are extracted from F}_, to form the candidate

set {pk}g:f 1- We initial location set L = {nop} and agent
set P = {p, } by randomly selecting a ng. Afterwards,



1-shot 5-shot
Methods Query Fine-Tune
1 2 3 4 Mean 1 2 3 4 Mean

PMM (Yang et al. 2020) Image X 20.5 433 328 312 320 329 61.1 568 559 51.7
PFENet (Tian et al. 2020) Image X 18.7 452 33,6 300 319 378 644 563 564 537
PPNet (Liu et al. 2020) Image X 22.1 447 339 336 336 455 638 604 589 57.1
RePRI (Boudiaf et al. 2021) Image X 41.0 652 584 578 556 458 68.6 593 642 595
NTRENEet (Liu et al. 2022a) Image X 36.7 63.1 589 546 533 390 664 617 612 57.1
SSP (Fan et al. 2022) Image X 415 604 57.0 513 526 467 643 593 545 562
VAT (Hong et al. 2022) Image X 382 619 56.1 523 521 426 628 570 56.7 5438
IPMT (Liu et al. 2022b) Image X 40.7 64.1 588 555 548 438 658 61.0 60.7 57.8
DANet (Chen et al. 2021) Video X 39.1 61.8 574 567 538 415 648 613 614 572
DANet (Chen et al. 2021) Video v 393 626 579 574 543 432 650 620 61.8 3580
TTI (Siam, Derpanis, and Wildes 2022)  Video X 43.1 61.1 534 577 538 482 69.0 628 63.1 60.8
HPAN (Tang et al. 2023) Video X 42,6 662 59.0 578 564 472 702 660 656 62.2
HPAN (Tang et al. 2023) Video v 440 666 594 584 571 502 705 662 670 63.5
VIPMT (Liu et al. 2023) Video X 453 667 59.6 58.1 574 506 709 68.8 66.5 642
PALN (ours) Video X 469 712 62.7 629 609 508 734 69.7 67.0 65.2

Table 1: Results of 4-fold cross-validation with metric 7 on YouTube-FSVOS using one support image (1-shot) and five support
images (5-shot). All competitors adopt ResNet-50 as the backbone for fair comparison. The best results are shown in bold.

we calculating the cosine similarity between each candidates
and the selected agent:

©))

Among the Ny points, the location of the most orthogonal
agent in candidates is picked up:

S(k) = rr?eal),( cosine(py, p,,)-

n; = argminS(k), st n; ¢ L. (10)
k

In this way, each of the selected pixel feature is far away

from each other in the candidate set. Then we update the

location set L and the agent set P based on the selected

location n;:

L=Lu{n;}, P=PuU{p,} (11)

Repeat the above steps until IV, pixel features are selected.
In this way, we can obtain the temporal part agent of fore-
ground p{ = FFN(P) € RM«*¢ Employing the same
steps, we can acquire the temporal part agent of background
p? by picking the background feature points to form the can-
didate set. Since these agents have high confidence and are
sparsely distributed in the feature space, they are inherently
diverse and can be used as part representations of the target.

Then we interact them with the query features Fy to ac-
tivate target-relevant regions in the current frame. Consid-
ering that the foreground and background exhibit different
temporal properties, we adopt different alignment schemes.
Concretely, on the one hand, we utilize pf (we omit the tem-
poral subscript ¢ for simplicity) to excite the foreground of
the current frame, as:

c
f — q S
Ma:,y,n - Fm,y,k pmk’
k=1

where x, y, k, and n are the indexes of height, width, channel
and prototypes, respectively. On the other hand, we use p/
to suppress the background of the current frame, as:

c

Z(Fi,y,k

k=1

12)

M —ph i)’ (13)
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Finally we fuse the temporal activation map M7¥, M? €
RM*wxNa with F9 to predict the target mask M;:

M, = Conv(F? @ M) & M), (14)

where @ denotes the concatenation operation and Conv de-
notes the segmentation head that includes a 3x3 convolution,
a ReL.U activation, and a 1x1 convolution.

Training and Inference

During training, we use the episode-based sequential train-
ing strategy to maintain consistency between the training
and inference process. specifically, at each training episode,
we sample sequential L frames as the query video and N
images with the same category as support images. The raw
network output M, which is a probability map of being a
foreground object, is directly used for learning the temporal
part agent for the next frame. For the first frame of a query
video (i.e., t = 1), we set the /\/lf, M? to the zero matrix.
The dropout prevents the network from overrelying on tem-
poral information and ignoring the contribution of support.
The prediction at each frame will be supervised by the pro-
vided ground truth M9:

‘Cseg(M) = £focal(M7Mq) + Edice(Mqu);

where L,cq denotes the focal loss (Lin et al. 2017) and
Lgice denotes the dice loss (Milletari, Navab, and Ahmadi
2016). During validation, our model can be applied directly
for the inference of query videos with unseen classes with-
out additional test-time fine-tune. Therefore our method in-
troduces no extra computational cost at validation time.

5)

Experiments
Datasets and Evaluation Setting

Following the previous work of FSVOS, we conduct ex-
periments on the YouTube-FSVOS (Chen et al. 2021) and
MiniVSPW (Siam, Derpanis, and Wildes 2022) benchmark.



1-shot

5-shot

Methods Query FPS
1 2 3 4 Mean 1 2 3 4 Mean
DANet (Chen et al. 2021) Video 23.1 36.5 250 264 278 240 372 27.1 286 292 52
TTI (Siam, Derpanis, and Wildes 2022)  Video 234 37.0 24.1 27.1 279 252 37.1 250 29.6 292 39
HPAN (Tang et al. 2023) Video 239 373 30.7 266 296 257 40.8 329 282 319 43
VIPMT (Liu et al. 2023) Video 23.8 38.8 29.1 285 30.1 262 422 316 294 324 38
PALN (ours) Video 25.0 399 341 30.7 324 27.6 424 364 313 344 48

Table 2: Results of 4-fold cross-validation with metric J on MiniVSPW using one support image (1-shot) and five support
images (5-shot). All competitors adopt ResNet-50 as the backbone for fair comparison. FPS indicates speed of inference.

‘ YouTube-FSVOS MiniVSPW
| 1-shot  5-shot | 1-shot 5-shot

STM (Oh et al. 2019) 57.8 62.1 27.9 30.4
STCN (Cheng, Tai, and Tang 2021) | 57.8 62.3 28.0 30.7
XMem (Cheng and Schwing 2022) 58.4 62.7 28.5 30.8
Cutie (Cheng et al. 2024) 58.7 63.3 28.6 31.0
PALN (ours) 60.9 65.2 324 34.4

Methods

Table 3: Comparison with state-of-the-art VOS methods.

PAE SQAD TAD | 1-shot 5-shot
v 53.9 58.7
v v 56.4 61.4
v v 58.1 62.2
v v v 60.9 65.2

Table 4: Ablation of model components.

YouTube-FSVOS is built based on YouTube-VIS (Yang,
Fan, and Xu 2019) dataset, which encompasses 2,238 videos
in total with 3,774 annotated instances covering 40 cate-
gories. The dataset is divided into four folds, and each fold
contains 30 categories for training and the rest 10 cate-
gories for testing. We conduct cross-validation over all four
folds. MiniVSPW is built based on VSPW (Miao et al.
2021) dataset, which includes 20 categories. To better eval-
uate the generalization of the FSVOS methods, MiniVSPW
provides longer sequences than YouTube-FSVOS. It is also
split to four folds for cross-validation. Following the pre-
vious FSVOS and VOS practice (Chen et al. 2021; Per-
azzi et al. 2016), we adopt the region similarity 7 as the
evaluation metric, which is the Jaccard index defined as the
intersection-over-union (IoU) of the estimated segmentation
and the ground-truth mask.

Implementation Details

The feature extractor is implemented by ResNet-50 (He et al.
2016) which is pretrained on ImageNet (Russakovsky et al.
2015) for fair comparisons. We conduct experiments in both
1-shot and 5-shot settings (i.e., one and five labeled support
images are provided, respectively). For 5-shot setting, We
produce part agents for each support image separately. We
set the number of part agents N, = 8. During the training,
our model is trained using the Adam (Kingma and Ba 2014)
optimizer with an initial learning rate of 0.0001.
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Figure 3: Qualitative results of our proposed PALN.

Comparison with State-of-the-art Methods

Quantitative Results. We compare our PALN with various
state-of-the-art methods on 4 folds of YouTube-FSVOS and
MiniVSPW datasets in the 1-shot and 5-shot settings, re-
spectively. In addition to the FSVOS method, we also com-
pare the VOS method and the FSIS method whose query
is image instead of video. All the methods adopt ResNet-
50 backbone for fair comparisons. For the YouTube-FSVOS
dataset, as demonstrated in Table 1, our PALN outperforms
all FSVOS and FSIS methods, i.e., improvements of 3.5%
and 1.0% J mean score in 1-shot and 5-shot, respectively.
And our method consistently leads the accuracy in all folds.
Note that our method does not require test-time fine-tuning.
In Table 2, we conduct the comparison on MiniVSPW to
verify the generalization abiliity of our method. Our PALN
still achieve gains of 2.3% and 2.0% on J in 5-shot and 1-
shot, respectively in the more challenging scenarios. From
the comparison of FPS, it can be observed that our method
achieves high performance while maintaining fast inference
speed. To compare with the VOS methods, we use PALN for
predicting the first frame and the following VOS methods
are responsible for propagating the segmentation to the full
video. Table 3 demonstrates that our method significantly
exceeds these VOS methods in the few-shot setting.

Qualitative Results. In Figure 3, we provide some visual
comparison cases. Compared with previous FSVOS meth-
ods, our PALN can effectively discriminate distractors, yield
more lucid boundary and more complete segmentation.



Reference | Method | 1-shot  5-shot
object prototypes | - | 533 60.4
pixel features | - | 564 61.4
SLIC 58.8 63.2

s | S | B0 8

Table 5: Comparisons of different representative reference.

Strategy | 1-shot 5-shot
top-IV, 59.0 63.8
random sample 60.1 64.3
cache mechanism (ours) 60.9 65.2

Table 6: Comparisons of different strategies of temporal part
agents learning.

Ablation Study

We conduct comprehensive ablation studies on YouTube-
FSVOS in terms of J metric in both 1-shot and 5-shot set-
tings to verify the effectiveness of our proposed modules.
Analysis of Model Components. In Table 4, we denote
the part agent encoder as PAE, the support-query alignment
decoder as SQAD and the temporal alignment decoder as
TAD. Since the alignment of support and query is neces-
sary in FSVOS, we keep only the SQAD, while replacing
part agents with pixel features, and removing TAD as our
baseline, as the first row of the table. The performance of
the baseline is comparable to the affinity learning method
DANet (Chen et al. 2021). We validate the importance of
each component by adding them in turn to the baseline. (1)
Compared to the baseline, the performance boost brougnt by
TAD demonstrates the effectiveness of the assistance of tem-
poral part agents, which involve temporal consistency. (2)
The utilization of PAE brings obvious improvements (e.g.,
3.9%), indicating that the part features can effectively ad-
dress bottlenecks in FSVOS methods. (3) The introduction
of both modules achieves remarkable accuracy gains com-
pared with solely using the PAE or TAD. The improvement
indicates that the collaboration of support and temporal in-
formation is extremely beneficial for FSVOS.
Effectiveness of the part features. In Table 5, the part fea-
tures consistently achieve higher score in both settings than
object prototypes and pixel features as reference. Among the
methods to model part features, the part agents learned by
the part agent encoder perform best. This is because the part
agents do not have a semantic gap and and do not require
additional supervision to decompose objects into diverse
and complementary parts. These properties exactly solve the
problems in SLIC (Achanta et al. 2012) and K-Means.
Effectiveness of the cache mechanism. In Table 6, we con-
duct experiments with different sampling strategies to obtain
the temporal part agents in the temporal alignment decoder:
“top-N,” — selecting N, pixels with the highest scores from
the candidates; “random sample” — randomly sampling N,
agents from candidates. From the results, “top-N,” per-
forms poorly, which can be attributed to the unrepresentative
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Agents | 1-shot  5-shot
w/o temporal part agents 58.1 62.2
background agents 58.8 63.1
foreground agents 59.3 63.8
temporal part agents (ours) 60.9 65.2

Table 7: Ablation of the foreground and background agents
in the temporal alignment decoder.

raw image

part agent #2
T . 2T T

part agent #3
S

=R e

support
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Figure 4: Activation maps of the learned part agents.

nature of the clustered agents which lack the ability to model
parts . “random sample” alleviates this problem to some ex-
tent but demonstrates from the side that our proposed cache
mechanism can empower the agents with reliability, repre-
sentativeness and diversity.

Effectiveness of the temporal part agents. In Table 7, we
conduct experiments to verify the effectiveness of the fore-
ground and background agents in the temporal alignment
decoder. Compared to the method without temporal part
agents, the background agents bring an average of 0.9% gain
and the foreground agents leads to 1.4% performance im-
provement. It demonstrates that both foreground and back-
ground prototypes carry information useful for exploring
temporal consistency, and the foreground has a more pro-
nounced role. Adding both of them leads to huge perfor-
mance improvement, showing that complete temporal part
agents are required to fully model the temporal information.
Visualization analysis of part agents. In Figure 4, we use
some examples of part agents to activate the support and
query features. According to the activation map, different
part agents can adaptively focus on different parts of the tar-
get object in the support. And the activation region is differ-
ent and complementary. For the query features, the agents
focuses on part regions of the target and rarely respond to
background regions.

Conclusion

In this paper, we analyze the bottlenecks of previous meth-
ods from the perspectives of object prototypes and pixel
features. Furthermore, we highlight the potential of part
features as representative reference features, demonstrating
their excellent properties of adaptation to appearance vari-
ations and resistance to correlation noise in the context of
FSVOS. Therefore, we propose the Part Agent Learning
Network (PALN), which harnesses part features from sup-
port images and historical query frames to achieve precise
segmentation. Extensive experiments validate its effective-
ness and superiority.
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