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Abstract

Few-shot action recognition (FSAR) has recently made no-
table progress through set matching and efficient adaptation
of large-scale pre-trained models. However, two key limita-
tions persist. First, existing set matching metrics typically
rely on cosine similarity to measure inter-frame linear de-
pendencies and then perform matching with only instance-
level information, thus failing to capture more complex pat-
terns such as nonlinear relationships and overlooking task-
specific cues. Second, for efficient adaptation of CLIP to
FSAR, recent work performing fine-tuning via skip-fusion
layers (which we refer to as side layers) has significantly re-
duced memory cost. However, the newly introduced side lay-
ers are often difficult to optimize under limited data condi-
tions. To address these limitations, we propose TS-FSAR, a
framework comprising three components: (1) a visual Lad-
der Side Network (LSN) for efficient CLIP fine-tuning; (2)
a metric called Task-Specific Distance Correlation Matching
(TS-DCM), which uses a-distance correlation to model both
linear and nonlinear inter-frame dependencies and leverages
a task prototype to enable task-specific matching; and (3) a
Guiding LSN with Adapted CLIP (GLAC) module, which
regularizes LSN using the adapted frozen CLIP to improve
training for better a-distance correlation estimation under
limited supervision. Extensive experiments on five widely-
used benchmarks demonstrate that our TS-FSAR yields su-
perior performance compared to prior state-of-the-arts.

1 Introduction

Action recognition, as a fundamental task in visual learning,
has attracted widespread attention and achieved remarkable
success in recent years (Wang et al. 2016; Carreira and Zis-
serman 2017a; Wang et al. 2018; Zhou et al. 2018; Lin, Gan,
and Han 2019; Arnab et al. 2021; Park, Lee, and Sohn 2023;
Qian, Ding, and Lin 2024). However, training for this task
typically requires large-scale labeled video datasets, which
are costly to collect and often impractical in real-world sce-
narios. To overcome this limitation, few-shot action recog-
nition (FSAR) seeks to recognize previously unseen classes
from only limited labeled examples, and has thus emerged
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as an active and growing research area within the commu-
nity (Zhu and Yang 2018; Cao et al. 2020; Thatipelli et al.
2022; Kumar et al. 2024; Lee et al. 2025).

In few-shot action recognition, most existing methods fo-
cus on designing more effective metrics and exploring effi-
cient adaptation from large-scale pre-trained models—such
as ImageNet-1K pretrained models (He et al. 2016; Doso-
vitskiy et al. 2021) or CLIP (Radford et al. 2021). To obtain
a more discriminative metric, it is particularly important to
consider how the distance between query and support proto-
types is computed. In contrast to early methods (Cao et al.
2020) that formulate the distance computation as a tempo-
ral alignment problem, several recent methods reformulate
this as a matching problem between two sets of features,
employing techniques such as Hausdorff distance (Wang
et al. 2022) or optimal transport (Wu et al. 2022; Li et al.
2025) to compute the distance. Despite effectiveness, they
still suffer from two primary limitations. First, they typi-
cally rely on cosine similarity to construct a distance matrix
that captures inter-frame relationships between query and
support. However, cosine similarity is approximately equiv-
alent to Pearson Correlation Coefficient (Zhelezniak et al.
2019), which can only capture linear relationships and thus
fails to model more complex correlations such as nonlin-
ear dependencies. Second, they perform matching based on
instance-level information without considering task-specific
cues, whose effectiveness has been demonstrated in prior
works (Wu et al. 2022; Wang et al. 2022; Cao et al. 2024).
This limits their ability to achieve more accurate match-
ing. To enable efficient adaptation of CLIP in FSAR, recent
works (Pei et al. 2025; Xing et al. 2025; Li et al. 2025) have
introduced parameter-efficient adapters instead of full fine-
tuning (Wang et al. 2024). However, these approaches still
require backpropagation through the backbone, leading to
considerable GPU memory consumption. In contrast, EMP-
Net (Wu et al. 2024) proposes to fine-tune the newly in-
troduced skip-fusion layers that take as input the activation
features from the frozen CLIP, thereby avoiding backbone
backpropagation and reducing memory usage. This design
shares a similar principle with Ladder Side-Tuning (Zhang
et al. 2020). Despite being memory-efficient, optimizing
skip-fusion layers under limited data remains challenging,
especially on static datasets that depend heavily on pre-
trained knowledge.



Inspired by the observations above, we propose TS-
FSAR, which introduces a novel metric that matches two
set of features in a task-specific manner, and fine-tunes the
CLIP vision encoder via a ladder side network (LSN) guided
by the frozen CLIP equipped with an adapter. In particular,
the metric we propose can be decomposed into two com-
ponents. First, to capture comprehensive inter-frame depen-
dencies between query and support, we adopt a-distance
correlation (Székely and Rizzo 2009), an extension of dis-
tance correlation (Székely and Rizzo 2009) known for cap-
turing both linear and nonlinear relationships, to compute
a inter-frame «-correlation matrix for each query-support
pair. Second, to achieve task-specific matching, we employs
a learnable generator which takes a query-specific task pro-
totype as input to produce an matching matrix, which en-
codes the relative importance of relationships between dif-
ferent frames of the query and support videos. Then, the
final similarity score is obtained by taking the inner prod-
uct of the inter-frame «-correlation matrix and the matching
matrix. To improve the training of the LSN under limited
data for reliable a-distance correlation estimation, we ob-
tain a distribution by applying softmax over the a-distance
correlations between LSN features and different class pro-
totypes, and align it with the adapted frozen CLIP’s output
distribution. To validate the effectiveness of our proposed
TS-FSAR, we evaluated it on five standard datasets. The ex-
perimental results demonstrate that our method achieves su-
perior performance compared to prior methods. Our contri-
butions can be summarized as follows:

* We propose a novel metric, termed Task-specific Dis-
tance Correlation Matching (TS-DCM), for few-shot ac-
tion recognition. It leverages a-distance correlations to
measure inter-frame relationships and employs a query-
specific task prototype to perform task-specific matching.

* We introduce a Guiding LSN with Adapted CLIP
(GLAC) module to guide the LSN using the output distri-
bution of the adapted frozen CLIP, which helps improve
the training of the LSN under limited data conditions,
thereby contributing to more reliable a-distance correla-
tion estimation based on its features.

e Our proposed TS-FSAR achieves leading performance
across several few-shot action recognition benchmarks,
with particularly significant improvements on temporally
challenging datasets such as SSv2-Full.

2 Related Work

Few-shot Action Recognition In few-shot action recogni-
tion, a series of methods focus on enhancing video repre-
sentations to improve generalization. AMeFu-Net (Fu et al.
2020) leverages depth information through an adaptive nor-
malization module with temporal asynchronization to en-
rich cross-modal representations. TRX (Perrett et al. 2021)
builds query-specific class prototypes using cross-attention
across ordered video sub-sequences. TAZN (Li et al. 2022)
introduces a two-stage alignment framework to mitigate
temporal and spatial misalignment via temporal transfor-
mation and action coordination. MoLo (Wang et al. 2023)
proposes motion-augmented long-short contrastive learning
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to jointly capture long-range temporal dependencies and
motion cues. Beyond these representation-oriented works,
another branch of research aims to design more discrim-
inative metrics. OTAM (Cao et al. 2020) employs a vari-
ant of Dynamic Time Warping to align query—support se-
quences. HyRSM (Wang et al. 2022) formulates sequence
distance computation as a set-matching problem and intro-
duces bidirectional Mean Hausdorff matching. Following
this paradigm, MTFAN (Wu et al. 2022) and TSAM (Li et al.
2025) compute the distance between query and support fea-
tures using Optimal Transport. Our proposed metric differs
from existing methods in two key aspects. First, instead of
using cosine similarity to measure inter-frame relations, we
adopt a-distance correlation to achieve more comprehen-
sive modeling of inter-frame dependencies. Second, unlike
these metrics that follow a task-agnostic paradigm, our pro-
posed TS-DCM perform matching between query and sup-
port videos in a task-specific manner, resulting in more ac-
curate matching.

Side-Tuning for Video Understanding Recently, ef-
ficiently adapting CLIP to domain-specific tasks has
gained growing attention. Among existing methods, side-
tuning (Zhang et al. 2020; Sung, Cho, and Bansal 2022) pro-
vides a memory-efficient solution by attaching a lightweight
side network to the frozen backbone, and has been widely
adopted in recent studies, including those on video un-
derstanding. EVL (Lin et al. 2022) introduces an efficient
video recognition framework using frozen CLIP features,
where a lightweight Transformer decoder and local tem-
poral modules are used to capture spatial and temporal
cues; STAN (Liu et al. 2023) introduces a spatial-temporal
auxiliary network with a branched architecture, which in-
corporates decomposed spatial-temporal modules to effec-
tively contextualize multilevel CLIP features for video tasks;
EMP-Net (Wu et al. 2024) leverages skip-fusion layers to in-
tegrate multi-stage CLIP features and performs multi-level
post-reasoning in few-shot action recognition. Unlike these
methods that focus on designing different side network ar-
chitectures, we directly adopt a simple Ladder Side Net-
work (Sung, Cho, and Bansal 2022) (LSN) for finetuning.
During training, the output distribution of adapted frozen
CLIP is used to guide the LSN, enabling more effective op-
timization under limited data conditions.

3 Methodology
3.1 Problem Formulation

Few-shot action recognition (FSAR) aims to learn a model
that can generalize to unseen action categories using only a
few labeled examples. A FSAR dataset is typically divided
into three disjoint subsets: Dyin, Dyal, and Dy, each con-
taining non-overlapping classes. To align with the evaluation
scenario, FSAR models are typically trained in an episodic
manner. Specifically, each episode comprises a support set
S = {(z4,1:)}Ys and a query set Q = {(z;,y;)} 3. The
support set consists of K labeled videos per class from N
classes, forming an N-way K -shot task with Ng = N x K
samples in total. The query set, denoted by Q, includes Ng
samples to be classified.
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Figure 1: Illustration of the proposed TS-FSAR framework, which comprises three components: (1) a Ladder Side Network
(LSN) for memory-efficient fine-tuning of the CLIP visual encoder, (2) a metric named Task-Specific Distance Correlation
Matching (TS-DCM) that leverages c-distance correlation and a task prototype for more accurate query-support matching, and
(3) a Guiding LSN with Adapted CLIP (GLAC) module that enhances LSN training under limited data to enable more reliable

distance correlation estimation.

3.2 Overview of TS-FSAR

As illustrated in Figure 1, the proposed TS-FSAR frame-
work comprises three main components: a Ladder Side Net-
work (LSN), a metric called Task-Specific Distance Correla-
tion Matching (TS-DCM), and a Guiding LSN with Adapted
CLIP (GLAC) module. In our framework, both query and
support videos are processed in parallel, sharing all learn-
able parameters across the LSN, adapter, and linear layer.
Take 1-shot for an example. Given a task, both query and
support videos are first fed into the LSN to extract output
features. Then, these features are processed by the TS-DCM
to perform task-specific matching. It begins by computing
the frame-level a-distance («-D) matrices for the query and
support videos independently, followed by deriving an inter-
frame a-distance correlation matrix for each query-support
pair, capturing both linear and nonlinear dependencies be-
tween their frames. Then, a query-specific prototype is con-
structed by the class tokens of the support and query videos.
This prototype is then passed into a learnable generator to
produce a matching matrix that encodes the relative impor-
tance of inter-frame relationships between the query and
support. Finally, the similarity scores for the query is ob-
tained by computing the inner product between the matching
matrix and the inter-frame a-distance correlation matrices.
To improve the training of LSN under limited data for
more reliable a-distance correlation estimation, we intro-
duce the GLAC module. First, both query and support
videos are processed by frozen CLIP visual encoder, fol-
lowed by an adapter that helps adapt CLIP to the video do-
main. The adapted visual features are then aligned with text
embeddings to obtain a guidance distribution. Meanwhile,
we average the frame-level a-D matrices for each video to
obtain video-level representation, and then obtain a distribu-
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tion by applying softmax to the a-distance correlations be-
tween the representation and learnable class prototypes im-
plemented via a linear layer. The training of LSN is then
guided by minimizing the KL divergence between these two
distributions.

3.3 Ladder Side Network

Ladder Side Tuning (LST) (Sung, Cho, and Bansal 2022)
is a memory-efficient fine-tuning strategy that introduces a
lightweight and separate Ladder Side Network (LSN) along-
side the backbone. The LSN receives dimension-reduced
hidden features from the backbone via shortcut connections
as input. To enable efficient adaptation, we employ the LSN
to fine-tune the vision encoder of CLIP.

During training, for each video, we align the visual out-
puts of the LSN with the corresponding text embeddings.
Given a video with T' frames, the visual token embeddings
of the t-th frame produced by the LSN can be denoted as
V= [vh,--,vh] € REHDXd where P is the number of
patch tokens, and d denotes the feature dimension. Next, we
project the class token v through a linear layer to match the
dimension of the text embeddings, yielding v{ € RY . We
then average the class tokens v{, from all frames to obtain the
video-level representation v. Let W = [wy,..., w¢] de-
note the text embeddings obtained from text encoder, where
w; € RY represents the embedding of the ¢-th class descrip-
tion, C' denotes the number of classes in Dy,;,. We then com-
pute the cosine similarity between v and w;, followed by
a softmax operation to obtain the prediction. The resulting
prediction is then used to define the training loss via cross-
entropy, denoted as Ly sn. More implementation details of
the LSN can be found in Appendix Sec.A.



3.4 Task-Specific Distance Correlation Matching

Our proposed TS-DCM can be decomposed into two com-
ponents: Inter-Frame a-Distance Correlation (IF-D*C) and
Task-Specific Matching (TSM). IF-D“C computes inter-
frame correlation matrices between support and query
videos using a-distance correlation, capturing more compre-
hensive inter-frame dependencies. Then, TSM takes the task
prototype as input to a learnable generator, which produces
a matching matrix for performing task-specific matching be-
tween the query and support.

a-Distance Correlation «-distance correlation is an ex-
tension of standard distance correlation (Székely and Rizzo
2009), which is known for effectively modeling both linear
and nonlinear relationships between random variables. The
a-distance covariance between two random variables X and
Y is defined as a-weighted L? distance between their joint
characteristic function x v (t,s) and the product of their
marginal characteristic functions ¢x (t), @y (s):

DCov? (X, Y) = |lex,v(t,s) — ox (v (s)[° (1)

The exponent parameter « € (0,2) serves to modulate
the sensitivity to dependencies of varying scales. The a-
distance correlation is defined as the normalized version of
a-distance covariance, and serves to quantify the degree of
dependence between two random variables.

In the discrete case, one can follow the procedure
in (Székely and Rizzo 2009) to compute the empirical a-
distance correlation. Given two random variables X and
Y with m independent and identically distributed observa-
tions {(x1,¥1),---, (Xm,¥m)}, we first compute the a-th
power of pairwise Euclidean distances to obtain the matri-

ces A = (dy;) and B = (gkl), as follows:

[ (2)
By applying standard double centering to matrix A and B,
we obtain the centered a-distance matrices (referred to as -
D matrix) for X and Y, denoted as A and B, respectively.
Next, the a-distance covariance between X and Y can be
obtained as:

= ka —XlHa,Bkz = ||Yk -y

DCov? ¥ (X,Y) = —tr(AB) 3)
Then, the a-distance correlation is defined as:
tr(AB
DCorr®® (X, Y) = r(AB) @)
Vtr(AA),/tr(BB)
Inter-Frame «-Distance Correlation Let Vi €

R(P+Dxd and VI, € REFD*d denote the features of the
i-th frame from a support video and the j-th frame from a
query video, respectively. By treating each column of Vi
and VjQ as an observation of random vectors X and Y, we
compute the corresponding a-D matrices, denoted as A’
and B7. Then, the a-Distance Correlation m;; between the
i-th frame of the support video and the j-th frame of the
query video can be computed using Eq. (4). Based on this,

the inter-frame a-Distance Correlation matrix is formed as
MIF-DC _ (mi;) € RTXT
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Task-Specific Matching The matrix MTP"C encodes
inter-frame correlations between the support and query
videos. The key to leveraging these correlations lies in de-
signing an appropriate matching matrix that captures the
relative importance between query and support frames. To
achieve this, a task prototype is fed into a learnable genera-
tor to produce the matching matrix M'*¥, enabling flexible
and task-specific matching.

Let v¥ and v denote the frame-wise averaged class to-
ken produced by LSN for the support video x; € S and a
query video x € Q, respectively. Then we design a query-
specific task prototype , which can be computed as :

1 ~
P

;€S

p’ =ve+ (5)

where Ng is the number of videos in the entire support set.
Besides average-based fusion, we also explore alternative
strategies such as concatenation and cross-attention, which
will be discussed in Sec. 4.4.

After getting the task prototype, we employ a learnable
linear layer as the generator G(-) to produce the task-specific
matching matrix M@k ¢ RT<7

Mtask — g(pT) (6)

And then, the similarity score between the query video
and the support video can be obtained as:

score = <1\/Itask7 MIF—D”‘C>

)

where (-) donote the inner product.

For a given query video, we compute the scores by match-
ing it with the support video of each class. Applying soft-
max to these scores yields a prediction probability vector
s = [s1,82,...,8Nn]. We then optimize the model by com-
puting the cross-entropy loss between the ground-truth label
and the prediction vector s, denoted as Lr1s.peum-

3.5 Guiding LSN with Adapted CLIP

Although finetuning with LSN is memory-efficient, opti-
mizing a number of newly introduced layers with limited
samples remains highly challenging. This directly influences
the estimation of inter-frame «a-distance correlation derived
from the output features of LSN. Motivated by this, we pro-
pose to guide the training of the LSN through alignment with
the output distribution of the adapted frozen CLIP.

For a given video, we average the frame-wise a-D matri-

ces to obtain the video-level representation A,_p € R¥*,
Then, to better adapt the estimation of the a-distance corre-

lation in TS-DCM, we initialize learnable weight matrix W
for each class ¢ as its a-D matrix prototype. These weight
matrices can be implemented using a linear layer. Then, the
prediction is computed by taking the inner product between

A, .p and W, followed by a softmax operation to produce
the predicted probability vector p = [p1, pa, ..., Pc]-

To improve the guidance, we employ an adapter com-
posed of a standard multi-head self-attention (MHSA) to
help CLIP adapt to the video domain, where frame-level
CLS tokens are fed into the adapter to model inter-frame



dependencies. Subsequently, the class tokens from differ-
ent frames produced by the adapter are averaged to form a
video-level representation, denoted by e. Then, we calculate
the cosine similarity between € and the textual features out-
put by text encoder, and apply a softmax function to obtain
the guidance vector q = [q1, g2, ..., gc|. Then, we employ
the Kullback—Leibler (KL) divergence to guide the learning
process, and the loss is defined as follows:

c
Lorackr = KL(p || q) = Zpi log% ®)
i=1 ¢

Furthermore, ground-truth labels are employed to super-
vise both the CLIP and LSN branches through cross-entropy
loss, thereby improving their individual training processes.

C c
Loiacce = — Y yilog(p:) + (= wilog(a:)) )
i=1 i=1
Finally, the total loss for GLAC module can be defined as:

Lsrac = LorackL + LoLacce (10)

3.6 Training Loss

The training loss of our TS-FSAR is composed of the three
components described above: the vision-language alignment
loss for the LSN, the TS-DCM loss, and the GLAC loss.
Accordingly, the total loss can be formulated as:

L = L1sn + M Lrspem + A2LoLac (11)
where \; and )\, are weights tuned on the validation set.

4 Experiments
4.1 Datasets

We evaluate our method on five commonly used bench-
marks: SSv2-Full (Goyal et al. 2017), SSv2-Small (Goyal
et al. 2017), Kinetics-100 (Carreira and Zisserman
2017b), UCF101 (Soomro, Zamir, and Shah 2012), and
HMDBS51 (Kuehne et al. 2011). Please refer to Appendix
Sec.B.1 for details about the dataset.

4.2 Implementation

Following previous works (Wang et al. 2024; Wu et al. 2024;
Li et al. 2025), we implement our framework using CLIP
ViT-B/16 as the visual backbone and uniformly sample 8
frames to construct the input sequence for each video. The
dimension of the LSN is set to 256, and the number of lay-
ers is aligned with the visual encoder, i.e., 12. Following
TSAM (Li et al. 2025), we employ large language model to
generate class-specific descriptions. During training, we use
the AdamW optimizer with a weight decay of 0.1 and adopt
a cosine learning rate schedule. The learning rate is initial-
ized to 2e-4 for SSv2-Full, SSv2-Small, and HMDBS51, and
to le-4 in the 5-shot and 2e-4 in the 1-shot for Kinetics-100
and UCF101. We sample 50,000 training episodes for SSv2-
Full, and 10,000 episodes for all other datasets. We report
the average accuracy over 10,000 episodes. More implemen-
tation details are provided in Appendix Sec.B.2.
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4.3 Comparison with State-of-the-Art Methods

We compare TS-FSAR with recent state-of-the-art ap-
proaches across both temporally-dependent and spatially-
dependent FSAR benchmarks, as summarized in Table 1.

Temporally-dependent datasets On SSv2-Small, TS-
FSAR performs comparably to the state-of-the-art method
TSAM in 1-shot and outperforms existing methods by 1% in
5-shot. On SSv2-Full, TS-FSAR significantly outperforms
prior arts by 8.4% in 1-shot and 1.6% in 5-shot, demonstrat-
ing its superior ability to model complex temporal depen-
dencies in few-shot scenarios.

Spatially-dependent datasets On HMDBS51, UCF101,
and Kinetics-100, our TS-FSAR performs slightly better or
comparably to the previous leading method TSAM, except
for a minor drop in 5-shot on Kinetics-100. We suspect
that this is due to the relatively weak temporal dynamics
of these datasets. Compared to SSv2-Full and SSv2-Small,
these datasets are more aligned with CLIP’s pretraining dis-
tribution, which consists of static images lacking temporal
structure, and thus rely more heavily on CLIP’s pretrained
weights. As a result, fine-tuning the LSN on their limited
training set becomes more challenging. Compared to EMP-
Net, which also employs a side network, our method bene-
fits from the GLAC module, achieving 1.1%~8.2% perfor-
mance gains. However, this design still cannot fully resolve
the optimization challenge under such conditions.

Why the large gain on SSv2-Full? Our method shows a
significantly stronger performance on SSv2-Full, which we
attribute to two main factors. First, SSv2-Full exhibits fine-
grained temporal variations absent in K100, UCF101, and
HMDBS51, where our task-specific matching effectively cap-
tures such detailed temporal dynamics. Second, its consider-
ably larger base set—about 10 times that of SSv2-Small and
other datasets—provides better supervision for LSN training
and leads to more reliable a-DC estimation. Together, these
factors explain the larger gain on SSv2-Full.

4.4 Ablation Study

To better understand the design choices and individual con-
tributions of our proposed TS-FSAR framework, we per-
form ablation studies on SSv2-Full and HMDBS51.
Ablation on Main Components We present a compre-
hensive ablation study to quantify the contribution of each
main component within the TS-FSAR framework, as de-
tailed in Table 2. The analysis begins with the zero-shot
CLIP baseline, which exhibits limited performance, achiev-
ing 37.0% on SSv2-Full and 75.9% on HMDBS51. By intro-
ducing the LSN, we observe a marked increase in accuracy.
Next, to better understand our proposed TS-DCM metric, we
perform ablation by decoupling it into two components: IF-
D*C and TSM. Based on the LSN, introducing IF-D*C fur-
ther improves performance by 4.3%~4.6% across all bench-
marks, demonstrating the benefit of fully capturing inter-
frame dependencies. Further incorporating the TSM mod-
ule yields an additional gain of 1.1%~2.4%, highlighting
the advantage of introducing task-specific information when
performing matching. Finally, the incorporation of GLAC
consistently enhances performance, with especially notable



Method Backbone SSv2-Full SSv2-Small HMDBS1 UCF101 Kinetics
1-shot S5-shot 1-shot 5-shot 1-shot 5-shot 1-shot S-shot 1-shot 5-shot
OTAM (Cao et al. 2020) IN-RNS50 428 523 364 48.0 545 680 799 889 730 858
TRX (Perrett et al. 2021) IN-RN50 420 64.6 36.0 56.7 549 756 81.0 96.1 651 859
STRM (Thatipelli et al. 2022) IN-RNS50 43.1 68.1 37.1 553 57.6 773 827 969 651 86.7
HyRSM (Wang et al. 2022) IN-RN50 543 69.0 40.6 56.1 603 76.0 839 947 737 86.1
HCL (Zheng, Chen, and Jin 2022)  IN-RN50 473 649 387 554 59.1 763 826 945 737 858
Nguyen (Nguyen et al. 2022) IN-RN50 43.8 61.1 - - 596 769 849 959 743 874
SloshNet (Xing et al. 2023a) IN-RNS50 46.5 683 - - 594 775 860 971 704 870
GgHM (Xing et al. 2023b) IN-RN50 545 692 - - 612 769 852 963 749 874
TEAM (Lee et al. 2025) IN-RNS50 - - - - 628 784 872 962 751 882
CLIP-FSAR (Wang et al. 2024) CLIP-ViT-B/16 62.1 72.1 546 618 77.1 87.7 97.0 99.1 948 954
EMP-Net (Wu et al. 2024) CLIP-ViT-B/16 63.1 73.0 57.1 65.7 76.8 858 943 982 89.1 935
MVP-shot (Qu et al. 2025)  CLIP-ViT-B/16 - - 554 620 77.0 881 96.8 99.0 91.0 095.1
MA-FSAR (Xing et al. 2025) CLIP-ViT-B/16 63.3 723 59.1 645 834 879 972 992 957 96.0
D2ST-Adapter (Pei et al. 2025) CLIP-ViT-B/16 66.7 81.9 550 693 77.1 882 964 99.1 893 955
TSAM (Li et al. 2025) CLIP-ViT-B/16 65.8 74.6 60.5 66.7 845 889 983 993 962 97.1
TS-FSAR (Ours) CLIP-ViT-B/16 751 83.5 60.5 703 850 889 98.7 993 963 96.6
Table 1: Performance comparison with state-of-the-art methods on standard benchmarks. IN denotes ImageNet.
o SSv2-Full HMDB51
LSN IF-D7C TSM GLAC 1-shot 5-shot 1-shot 5-shot 90
37.0 37.0 759 759
v 67.1 772 777 79.6 85r
oV 714 817 821 842 g |l "
v v 4 73.8 828 834 856 gSO' —e— SSv2-Full 1-shot HMDBS1 1-shot
v v v v 751 835 850 3889 <§ —=— SSv2-Full 5-shot HMDB51 5-shot
Table 2: Ablation on key components of TS-FSAR f /\/
76 08 ) 12
improvements on HMDBS51, validating our hypothesis that a
insufficient training of the LSN has a greater impact on static
datasets. Furthermore, on SSv2-Full, removing the adapter
in GLAC leads to a 3.6% performance drop. Figure 2: The impact of o in [F-D*C
About the IF-D“C We employ o-DC to model inter-
frame correlations, which can capture complex (nonlin-
ear) dependencies. Similar alternatives include DC used
in DeepBDC (Xie et al. 2022) and the kernel-based 761
HSIC (Gretton et al. 2005). To compare them fairly, we re- 751
placed only the inter-frame similarity metric under identical 75t —
settings. As shown in the Figure 3, nonlinear measures (a- =
DC, DC, HSIC) consistently outperform Cosine Similarity < 741
(CS), while a-DC achieves the best performance owing to ) 72.9 73.1
its more robust nonlinear modeling. As noted by (Leyder, 3 Br
Raymaekers, and Rousseeuw 2024), the coefficient «v acts < ol
as an empirical hyperparameter that governs the trade-off 71.5 H
between robustness and sensitivity. Hence, we further inves- 71k ﬂ
tigate the impact of o (Eq. (2)) to analyze its influence on
performance. As shown in Figure 2, @ = 1.2 achieved the 70—=53 DC HSIC @-DC

highest 1-shot accuracy on SSv2-Full, but o = 0.8 yielded
the best overall results. Consequently, we selected @ = 0.8
as the default throughout the paper.

Effect of Different Task Prototypes To evaluate the ef-
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Figure 3: a-DC vs. other alternatives (1-shot on SSv2-Full)



Query-Specific Task Prototype SSv2-Full HMDBS51

w/o Average 74.1 84.5
Average 75.1 85.0

w/ Concatenation 73.6 84.6
Cross-Attention 74.1 84.6

Table 3: Ablation on Query-Specific task prototype

90
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g5/ [ HMDBSI 85.0
81.7 82.1 82.5
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Figure 4: Comparison with different metrics

fect of different task prototypes, we conduct a compre-
hensive ablation study on prototype construction strategies.
Specifically, we first investigate whether incorporating the
query into prototype construction is beneficial. And to build
query-specific prototypes, we explore various fusion strate-
gies between support and query class tokens, including sim-
ple averaging, concatenation along the feature dimension,
and cross-attention. As shown in Table 3, incorporating
the query into prototype construction yields a performance
gain of approximately 0.5%~1.0% on both SSv2-Full and
HMDB51. Among the query-specific strategies, simple av-
eraging consistently outperforms concatenation and cross-
attention by 0.4%~1.5% across both datasets.

Comparison of Different Metrics To evaluate the effec-
tiveness of the proposed TS-DCM metric, we replace it with
several commonly used metrics within our framework a fair
comparison. As illustrated in Figure 4, we consider Global
Average Pooling (GAP), OTAM, Optimal Transport(OT),
and BIMHM (Wang et al. 2022) as baselines. TS-DCM con-
sistently achieves higher accuracy than all prior metrics on
both SSv2-Full and HMDBSI1. In particular, compared to
the second-best metric, BIMHM, TS-DCM improves perfor-
mance by 2.8% on SSv2-Full and 2.5% on HMDBS51. These
results highlight the advantage of our metric in fully model-
ing inter-frame relationships and effectively leveraging task-
specific information during matching.

Combine IF-DC with existing metrics Our proposed
IF-D“C enables comprehensive modeling of inter-frame re-
lationships. To evaluate its generalization ability, we incor-
porate it with existing metrics and conduct the evaluation

7500

. SSv2-Full HMDB51
Metric
w/o w/ w/o w/
GAP 68.6 72.0(+3.4) 80.5 81.8(+1.3)
OTAM 715 724 (+0.9) 81.7 83.7(+2.0)
BiMHM 723 732 (+0.9) 82.5 84.5(+2.0)
oT 71.8 73.5(+1.7) 82.1 82.9(+0.8)

Table 4: Evaluation of existing metrics with (‘w/’) and with-
out (‘w/o’) IF-D“C.

Method Time Params Mem SSv2-Full HMDBS51
CLIP-FSAR0.70s 89 M ~20GB 62.1 77.1
EMP-Net 045s 9M ~4GB 63.1 76.8
TS-FSART 042s 14M ~9GB 75.1 85.0
TS-FSAR* 0.32s 5M ~3.6GB 67.0 84.5

Table 5: Efficiency comparison with prior methods were per-
formed under 5-way 1-shot setting (with 2 queries). * in-
dicates using only a 3-layer LSN, while T denotes using a
12-layer one. All evaluations were completed using a single
RTX 4090 GPU.

under our setting. As shown in Table 4, incorporating IF-
D“C to model inter-frame dependencies yields performance
gains of 0.8%~3.4% over the original metrics.

4.5 Efficiency Analysis

To evaluate efficiency, we report the average training and in-
ference time per task, as well as parameter count and mem-
ory usage. As shown in Table 5, with a 12-layer LSN, TS-
FSAR achieves the fastest runtime (0.42 s) and markedly
reduces memory (9 GB) and parameters (14 M) compared
to fully fine-tuned CLIP-FSAR (0.70 s, 20 GB, 89 M),
while maintaining comparable cost to EMP-Net (0.45 s, 4
GB, 9 M). When the LSN depth is reduced to 3 layers,
matching EMP-Net, TS-FSAR still delivers superior perfor-
mance with the fastest speed, minimal memory usage, and
the fewest parameters (0.32 s, 3.6 GB, 5 M).

5 Conclusion

We propose TS-FSAR, a novel few-shot action recognition
framework that introduces Task-Specific Distance Correla-
tion Matching (TS-DCM) — a new metric designed to ad-
dress key limitations of previous methods, which rely on
cosine similarity to model linear inter-frame dependencies
and overlook task-specific cues during matching. TS-DCM
uses a-distance correlation to capture both linear and nonlin-
ear inter-frame relationships, and employs a query-specific
task prototype to enable task-specific query-support match-
ing. To efficiently adapt CLIP, we employ a visual Lad-
der Side Network (LSN), whose training is guided by the
adapted frozen CLIP outputs to achieve reliable correlation
estimation under limited data. With these designs, TS-FSAR
achieves superior performance on five standard benchmarks.
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