
D2ST-Adapter: Disentangled-and-Deformable Spatio-Temporal
Adapter for Few-shot Action Recognition

Wenjie Pei† 1,2 Qizhong Tan1 Guangming Lu1 Jiandong Tian3 Jun Yu1

1Harbin Institute of Technology, Shenzhen 2Peng Cheng Laboratory
3Shenyang Institute of Automation, Chinese Academy of Sciences

wenjiecoder@outlook.com, 24B951007@stu.hit.edu.cn

Abstract

Adapting pre-trained image models to video modality
has proven to be an effective strategy for robust few-
shot action recognition. In this work, we explore
the potential of adapter tuning in image-to-video model
adaptation and propose a novel video adapter tuning
framework, called Disentangled-and-Deformable Spatio-
Temporal Adapter (D2ST-Adapter). It features a lightweight
design, low adaptation overhead and powerful spatio-
temporal feature adaptation capabilities. D2ST-Adapter is
structured with an internal dual-pathway architecture that
enables built-in disentangled encoding of spatial and tem-
poral features within the adapter, seamlessly integrating
into the single-stream feature learning framework of pre-
trained image models. In particular, we develop an efficient
yet effective implementation of the D2ST-Adapter, incorpo-
rating the specially devised anisotropic Deformable Spatio-
Temporal Attention as its pivotal operation. This mecha-
nism can be individually tailored for two pathways with
anisotropic sampling densities along the spatial and tem-
poral domains in 3D spatio-temporal space, enabling dis-
entangled encoding of spatial and temporal features while
maintaining a lightweight design. Extensive experiments by
instantiating our method on both pre-trained ResNet and
ViT demonstrate the superiority of our method over state-
of-the-art methods. Our method is particularly well-suited
to challenging scenarios where temporal dynamics are crit-
ical for action recognition. Code is available at https:
//github.com/qizhongtan/D2ST-Adapter.

1. Introduction
Few-shot action recognition aims to learn an action recog-

nition model from a set of base classes of video data, which

can recognize novel categories of actions using only a few

support samples. To this end, learning an effective feature

† Corresponding author.

extractor that is generalizable across different classes is cru-

cial. A typical way [1, 3, 33, 35, 45] is to leverage pre-

trained large image models [10, 24, 29] for feature learning

by image-to-video model adaptation.

Most existing methods [23, 34, 35] seek to adapt large

vision models to few-shot action recognition by fine-tuning

either the entire or partial model. While such methods have

achieved promising performance, there are two important

limitations that hamper them from exploiting the full po-

tential of the pre-trained models. First, fully fine-tuning

pre-trained models tends to overfit in few-shot learning sce-

narios, whereas partial fine-tuning is less effective due to

its limited capacity for adaptation. Second, most large vi-

sion models are trained on image data due to the scarcity of

video data. Thus, these fine-tuning based methods require

to learn the temporal features as a post-processing step af-

ter feature extraction by the pre-trained backbone, typically

by constructing an auxiliary module to model the tempo-

ral dynamics [28, 33, 34, 38], which has limited effective-

ness compared to methods that incorporate temporal learn-

ing throughout the entire feature learning stage.

As a prominent parameter-efficient fine-tuning tech-

nique [9, 11, 13, 50], adapter tuning [4, 11, 32] is particu-

larly well-suited to few-shot learning scenarios due to much

lower parameter-learning overhead. A straightforward way

to apply adapter tuning to image-to-video model adaptation

is to employ the vanilla image adapter [11] to adapt the pre-

learned spatial and temporal features separately, which is

exactly adopted by AIM [44] and DUALPATH [22]. As

shown in Figure 1, both AIM and DUALPATH first pre-

learn the spatial and temporal features separately by du-

plicating the multi-head self-attention modules, either in

cascaded manner (AIM) or parallel manner (DUALPATH).

Subsequently, they insert individual vanilla adapters in each

duplicated module for specific feature adaptation. However,

such methods inevitably result in a heavyweight model ar-

chitecture and substantial computational overhead. As il-

lustrated in Figure 1, ST-Adapter [21] is the first to design

a specialized adapter for video data by incorporating a 3D
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Figure 1. Comparison with previous adapter-based methods. Both AIM and DUALPATH pre-learn the spatial and temporal features

separately by duplicating the whole MSA modules, and insert vanilla adapter into each duplicated module for feature adaptation, which

incurs heavy-weight model design. ST-Adapter designs the adapter for video data using 3D convolution whose performance is limited by

the joint learning of spatio-temporal features. In contrast, our D2ST-Adapter is designed in a dual-pathway architecture to adapt the spatial

and temporal features in a disentangled manner while maintaining the single-stream feature learning framework of the pre-trained model.

Furthermore, we design the anisotropic Deformable Spatio-Temporal Attention (aDSTA), which configures anisotropic sampling densities

in the spatial and temporal domains to model two pathways specifically and enables D2ST-Adapter to adapt features in a global view.

convolution layer into the vanilla adapter to learn spatio-

temporal features. Nevertheless, we investigate two poten-

tial limitations of ST-Adapter. First, it learns the spatial and

temporal features jointly by 3D convolution, whereas it has

been shown that in low-data scenarios, such a joint learning

paradigm for spatio-temporal features in video data is infe-

rior to learning the spatial and temporal features in a disen-

tangled manner, such as SlowFast [6] and other two-stream

designs [25, 31]. Second, the convolutional operation, es-

pecially with shallow layers for lightweight design, has a

limited local receptive field in both the spatial and temporal

domains, which also limits the performance of ST-Adapter.

In this work we present the Disentangled-and-

Deformable Spatio-Temporal Adapter (D2ST-Adapter)

to tackle the aforementioned limitations. Specifically, we

design our D2ST-Adapter as a dual-pathway architecture,

as illustrated in Figure 1, in which the spatial pathway is

responsible for capturing the appearance features while the

temporal pathway focuses on learning the temporal dynam-

ics. This built-in disentangled encoding of spatio-temporal

features equips our D2ST-Adapter with superior image-

to-video model adaptation capabilities while maintaining

a lightweight design and low adaptation overhead. As a

result, it benefits from a more efficient model design com-

pared to AIM and DUALPATH, which perform separate

feature pre-learning and individual adaptation for spatial

and temporal features by duplicating learning modules.

Meanwhile, our D2ST-Adapter demonstrates superior

feature learning capability for video data compared to

ST-Adapter, owing to its disentangled adaptation scheme.

We develop an efficient yet effective implementation

of the D2ST-Adapter, featuring the specially devised

anisotropic Deformable Spatio-Temporal Attention (aD-

STA) as the pivotal operation to enable built-in disentangled

encoding capability. It adapts the deformable attention [40]

from 2D image space to 3D spatio-temporal space, which

allows our D2ST-Adapter to encode features in both spa-

tial and temporal domains in a global view while keeping

lightweight modeling. One novel design of our aDSTA is

that it can be tailored with anisotropic sampling densities

along spatial and temporal domains, enabling specialized

versions of aDSTA to model the spatial and temporal path-

ways separately. As shown in Figure 1, we tailor aDSTA-T

with denser sampling along temporal domain than spatial

domain for temporal pathway since it focuses on captur-

ing temporal features. In contrast, the tailored aDSTA-S for

spatial pathway samples denser points along spatial domain.

To conclude, we make the following contributions:

• We propose D2ST-Adapter, a novel video adapter tuning

framework for few-shot action recognition. It is designed

in a dual-pathway architecture featuring built-in disen-

tangled adaptation for spatial and temporal features, en-

abling effective yet efficient image-to-video model adap-

tation for few shot action recognition.

• We devise aDSTA, which can be tailored with anisotropic

sampling densities along spatial and temporal domains

to model the spatial and temporal pathways separately,

yielding a lightweight implementation of D2ST-Adapter.

• Extensive experiments on five benchmarks with instan-

tiations of our method on pre-trained ResNet [10] and

ViT [24], demonstrate the superiority of our method over

other methods, particularly in challenging scenarios like

SSv2 benchmark where the temporal dynamics are criti-

cal for action recognition.

2. Related Work
Few-shot Action Recognition. Most existing few-shot ac-

tion recognition methods adopt the metric-based paradigm

to classify videos, and primarily focus on two directions

to deal with this task. The first one is to investigate the
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spatio-temporal modeling [16, 28, 34, 36, 39, 43, 45, 52].

STRM [28] enriches local patch features and global frame

features for joint spatio-temporal modeling. MoLo [34]

designs a motion autodecoder to explicitly extract motion

dynamics in a unified network. Our method also aims to

model spatio-temporal features effectively and efficiently

based on adapter-tuning technique. Another direction fo-

cuses on designing effective metric learning strategies [3,

12, 20, 23, 33, 38]. OTAM [3] utilizes the DTW [19] algo-

rithm to calculate video distances with strict temporal align-

ment. TRX [23] exhaustively enumerates all sub-sequences

of support and query videos and matches them using atten-

tion mechanism. HyRSM [33] applies a novel bidirectional

mean Hausdorff metric (referred to as Bi-MHM) to allevi-

ate the strictly ordered constraints. We evaluate our D2ST-
Adapter using the above three classical matching metrics to

demonstrate its effectiveness and robustness.

Adapter Tuning. As a classical parameter-efficient fine-

tuning method, adapter tuning is first proposed in [11], and

quickly draws attention in many other research areas [4,

9, 32]. A common practice is to build up a lightweight

module (named Adapter) which only consisting of negli-

gible learnable parameters, and selectively plug it into a

pre-trained model. During training, only the parameters of

inserted adapters are updated while the original model re-

mains frozen, leading to efficient task adaptation. Recently,

some works apply this method to adapt image models for

action recognition. AIM [44] duplicates multi-head self-

attention modules and plugs adapters after them to sepa-

rately learn the spatial and temporal features in a cascaded

manner. Similarly, DUALPATH [22] explicitly builds two-

stream architecture upon ViT and utilizes adapters to par-

allelly learn spatial and temporal features. ST-Adapter [21]

employs depth-wise 3D convolution to construct adapter for

feature adaptation, which endows it with spatio-temporal

modeling capability. Our D2ST-Adapter follows the basic

framework of ST-Adapter, and meanwhile optimize the es-

sential technical designs for few-shot action recognition.

3. Method
3.1. Overview
Problem Formulation of Few-shot Action Recognition.
The task of few-shot action recognition typically follows

episodic paradigm [3, 30, 33, 34]. An episode includes a

support set S consisting of N classes and K labeled sam-

ples for each class (referred to as the N -way K-shot task),

as well as a query set Q that contains unlabeled samples

to be classified. In each episode, we aim to classify every

query into one of the N classes with the guidance of the sup-

port set. Such episodic task setting is consistently adopted

during all the training, validation, and test stages.

Adapter Tuning Framework. We design a plug-and-

play and lightweight adapter for video data, dubbed D2ST-

Adapter, which can be integrated into most existing large

image models. Thus we can leverage the powerful fea-

ture encoding capability of pre-trained models by efficient

image-to-video model adaptation with only a small amount

of parameter-tuning overhead. It is particularly well-suited

to few-shot scenarios. Figure 2 (a) illustrates the overall

adapter tuning framework of our method. Given a pre-

trained feature extractor from a large model, our designed

lightweight D2ST-Adapter can be selectively plugged into

the middle layers of the feature extractor to perform fea-

ture adaptation. Only the inserted adapters are tuned dur-

ing training while the pre-trained backbone keeps frozen.

The learned features by such adapter tuning framework are

further used for few-shot action recognition based on the

metric-based strategies [3, 23, 33]. We instantiate the back-

bone of feature extractor with ResNet and ViT respectively.

3.2. D2ST-Adapter
Dual-pathway Adapter Architecture. Successful action

recognition from video data entails effective feature learn-

ing of both spatial semantic and temporal dynamic features.

Most large vision models are typically pre-trained on image

data, thus our D2ST-Adapter should be capable of capturing

both the spatial features and temporal features. To this end,

we design the D2ST-Adapter as a dual-pathway architecture

shown in Figure 2 (c), in which the spatial pathway is re-

sponsible for capturing the spatial semantics while the tem-

poral pathway focuses on learning the temporal dynamics.

As a result, our model is able to encode the spatio-temporal

features for video data in a disentangled manner.

As a common practice of typical Adapters [11, 21], our

D2ST-Adapter adopts the bottleneck architecture for reduc-

ing the computational complexity. It first downsamples the

feature map into a low-dimensional feature space, then the

downsampled features are fed into the spatial and tempo-

ral pathways concurrently to perform disentangled feature

adaptation. Finally, both the adapted spatial and temporal

features are fused by simple element-wise addition and up-

sampled back to the initial size. Formally, given the feature

maps Fin
i ∈ R

T×H×W×C obtained from the i-th stage of

the pre-trained backbone, containing C channels of feature

maps with spatial size H × W for each of T frames, the

feature adaptation by D2ST-Adapter can be formulated as:

Fout
i = GELU

(FS(F
in
i ·Wdown)⊕FT(F

in
i ·Wdown)

)·Wup.
(1)

Herein, Wdown ∈ R
C×C′

and Wup ∈ R
C′×C are the trans-

formation matrices of two linear layers for downsampling

and upsampling, respectively. FS and FT denote the disen-

tangled feature adaptation by the spatial and temporal path-

ways respectively. Below we discuss two feasible modeling

mechanisms for FS and FT, which leverages 3D convolu-

tion and our proposed aDSTA module, respectively.

Modeling with 3D Convolution. A straightforward way to

model the disentangled spatio-temporal feature adaptation
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(d) anisotropic Deformable Spatio-Temporal Attention (aDSTA)
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Figure 2. (a) Overall adapter tuning framework of our method. (b) DST-Adapter, a convolutional version of our model, which follows

dual-pathway architecture, whereas both pathways are constructed based on 3D convolution. (c) D2ST-Adapter, which is designed in a

dual-pathway architecture and both pathways are modeled based on the proposed aDSTA illustrated in (d).

(FS and FT in Equation 1) is to employ 3D convolutional

network, which can be tailored by configuring the shape of

convolutional kernels to focus on learning either the spatial

or the temporal features. Specifically, we model both FS

and FT using 3D depth-wise convolutional layers followed

by a batch normalization layer and a GELU layer, as shown

in Figure 2 (b). The only difference between the modeling

of them is that FS uses 1 × 3 × 3 convolutional kernel for

capturing spatial features while FT is constructed with 3 ×
1 × 1 convolutional layer to learn the temporal dynamics.

The resulting version is called DST-Adapter.

An important limitation of using 3D convolutions to con-

struct D2ST-Adapter, which is also suffered by ST-Adapter,

is that the convolutional operation has limited local recep-

tive field either in the spatial or the temporal domain, espe-

cially with shallow layers for lightweight design.

Modeling with aDSTA. To address the limitation of the

modeling mechanism based on 3D convolution (DST-

Adapter), we devise anisotropic Deformable Spatio-

Temporal Attention (aDSTA) which performs feature adap-

tation in a global view by sparse self-attention while main-

taining high computational efficiency. It adapts the de-

formable attention [40] from 2D image space to 3D spatio-

temporal space. As shown in Figure 2 (d), aDSTA first sam-

ples a group of reference points with anisotropic sampling

densities in the spatio-temporal space and then learns the

offset for each reference point to shift them to the more in-

formative regions. As a result, aDSTA can learn a set of

informative tokens which are further used as key and value

pairs shared for all queries for sparse self-attention.

We conduct several adaptations from the deformable at-

tention in 2D space to our aDSTA in spatio-temporal 3D

space. First, we employ Dynamic Position Embedding

(DPE) [17] implemented as a 3D depth-wise convolution

layer to learn the semantic-conditioned spatio-temporal po-

sition information for each token and incorporate it into the

semantic features by simple element-wise addition. Thus,

the feature map F′
i ∈ R

T×H×W×C′
fused with the position

information at the i-th stage is obtained by:

F′
i = FDPE(F

in
i ·Wdown)⊕ (Fin

i ·Wdown). (2)

Our aDSTA learns the offsets in 3D space for the reference

points by a 3D convolutional network consisting of a 3D

depth-wise convolution layer and a 1×1×1 3D convolution

layer as well as a GELU in between. After shifting the ref-

erence points according to the learned offsets, we derive the

features for each shifted reference point by performing tri-

linear interpolation among neighboring tokens within a 3D

volume space around the point. For instance, the features

for the shifted point p located at (pt, ph, pw) is calculated

via the trilinear interpolation Ftri-int by:

Ftri-int(p) =
∑

r

g(pt, rt)·g(ph, rh)·g(pw, rw)·F′
i(r), (3)

where g(a, b) = max(0, 1 − |a − b|) defines an interpolat-

ing cubic volume space centered at a and r = (rt, rh, rw)
indexes all tokens in the whole spatio-temporal 3D space.

All shifted reference points are used as the keys and val-

ues shared for sparse self-attention. For instance, a token in

F′
i located at (ut, uh, uw) serves as a query and the output

Zi,(ut,uh,uw) of aDSTA is calculated by:
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q = F′
i,(ut,uh,uw) ·Wq,K = P ·Wk,V = P ·Wv,

Zi,(ut,uh,uw) = softmax(qK/
√
C ′)V ·Wo,

(4)

where P ∈ R
M×C′

is feature matrix of M shifted points

and Wq,Wk,Wv,Wo are projection matrices for the

query, key, value and output respectively.

Anisotropic sampling densities. The learned offsets for

reference points are restricted in a limited range for two rea-

sons. First, it can prevent the potential training collapse that

all reference points are shifted to the same point. Second,

such restriction can ensure that each reference point can be

shifted to a unique location within a local region. As a re-

sult, denser sampling of reference points typically leads to

finer-grained representations. The classical deformable at-

tention samples reference points uniformly in 2D feature

space with the same sampling densities along two spatial

dimensions. In contrast, we configure anisotropic sam-

pling densities in the spatial and temporal domains. Con-

sequently, our D2ST-Adapter can leverage aDSTA to model

both spatial feature adaptation FS in the spatial pathway and

temporal feature adaptation FT in the temporal pathway.

We denote the sampling densities of reference points of

aDSTA along the dimensions of time, height and width as

< nt, ns, ns >, thereby the total number of sampled refer-

ence points is nt × ns × ns. Intuitively, an aDSTA module

which samples large nt and small ns is more capable of

learning the temporal features than learning the spatial fea-

tures. On the other hand, sampling more reference points

in the spatial domain than the temporal domain (ns > nt)

generally makes aDSTA focus on learning the spatial fea-

tures. Thus, we can tailor aDSTA by configuring the sam-

pling densities to model FS and FT correspondingly:

• aDSTA-S for modeling FS in the spatial pathway, which

is sampled with larger ns and smaller nt (ns > nt).

• aDSTA-T for modeling FT in the temporal pathway,

which samples denser reference points in temporal do-

main than in spatial domain (nt > ns).

The values of nt and ns are tuned as hyper-parameters.

3.3. End-to-End Adapter Tuning
The learned features by our adapter tuning framework are

further used for few-shot action recognition based on the

metric-based strategy. Following ProtoNet [26], it first

calculates the frame-wise L2 distance matrix between the

query video and each class prototype derived by averaging

the corresponding support samples. Then the distance ma-

trix is used to calculate the matching similarity between the

query and each class for prediction. Formally, the similarity

between query q and class prototype c can be expressed as:

s(Fq,Fc) = M([F1
q, · · · ,FT

q ], [F
1
c , · · · ,FT

c ]), (5)

where Fi
q and Fj

c denote the features of the i-th frame in

query q and the j-th frame in class prototype c, and M is

the matching metric such as Bi-MHM [33]. During training,

we take the similarities for each class as logits and optimize

the model in an end-to-end manner using the same cross-

entropy loss as in [3, 23, 33]. For inference, we classify the

query as the support class closest to it.

4. Experiments
4.1. Experimental Setup
Datasets. We conduct experiments on five standard

few-shot action recognition benchmarks, including SSv2-

Full [8], SSv2-Small [8], Kinetics [14], HMDB51 [15], and

UCF101 [27]. Following the typical data split [3, 34, 51],

for SSv2-Full, SSv2-Small and Kinetics, we select 64/12/24

classes from the datasets as the training/validation/test set,

respectively. As for HMDB51 and UCF101, we adopt the

same data split as [34, 45].

Implementation details. To evaluate D2ST-Adapter, we in-

stantiate our method with both ResNet-50 [10] and CLIP-

ViT-B/16 [5]. We insert one D2ST-Adapter module in each

stage of the pre-trained model (4 stages for ResNet-50 and

12 stages for CLIP-ViT-B/16), as shown in Figure 2 (a). For

a fair comparison with previous methods [33, 34], we uni-

formly sample 8 frames (i.e. T = 8) as the input of a video.

Bi-MHM [33] is used as the matching metric in compari-

son with state-of-the-art methods. Besides, OTAM [3] and

TRX [23] are additionally employed in the ablation study.

We report the average classification accuracy of 10,000

episodes randomly selected from the test set. Other imple-

mentation details follow HyRSM [33], which are provided

in the supplementary material.

4.2. Comparison with State-of-the-Art Methods
We compare our method with other methods on two types of

datasets: temporal-related benchmarks including SSv2-Full

and SSv2-Small datasets, and spatial-related benchmarks

inlcuding Kinetics, HMDB51, and UCF101 datasets.

Benchmarks sensitive to temporal features. Table 1

shows the comparative results of different methods on two

temporal-related datasets, i.e. SSv2-Full and SSv2-Small,

which are quite challenging since both the temporal and

spatial features are crucial to the action recognition. Our

D2ST-Adapter achieves the best performance and outper-

forms other methods by a large margin in most few-shot

settings. These results demonstrate the advantages of our

method over other methods in dealing with challenging sce-

narios where the temporal features are critical for action

recognition. In particular, our D2ST-Adapter substantially

outperforms all adapter tuning methods for video data in-

cluding AIM, DUALPATH, and ST-Adapter, highlighting

the advantages of its core design, namely built-in disentan-

gled adaptation of spatial and temporal features.

Benchmarks relying on spatial features. Experimental re-

sults on the spatial-related benchmarks including Kinetics,

HMDB51, and UCF101, are also presented in Table 1. Our

method still performs best in most settings, which mani-
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Table 1. Classification accuracy (%) comparison on 5 datasets, under 5-way 1-shot and 5-way 5-shot settings. The highest results are

highlighted in bold and the second best results are underlined. “PEFT” indicates parameter-efficient fine-tuning. “∗” denotes multi-modal

methods incorporating additional text input and text encoder.

Method Pre-training Fine-tuning
SSv2-Full SSv2-Small Kinetics HMDB51 UCF101

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

CMN [51] INet-RN50 Full 34.4 43.8 33.4 46.5 57.3 76.0 − − − −
OTAM [3] INet-RN50 Full 42.8 52.3 36.4 48.0 73.0 85.8 54.5 68.0 79.9 88.9

AMeFu-Net [7] INet-RN50 Full − − − − 74.1 86.8 60.2 75.5 85.1 95.5

ITANet [46] INet-RN50 Full 49.2 62.3 39.8 53.7 73.6 84.3 − − − −
TRX [23] INet-RN50 Full 42.0 64.6 36.0 59.1 63.6 85.9 53.1 75.6 78.2 96.1

TA2N [18] INet-RN50 Full 47.6 61.0 − − 72.8 85.8 59.7 73.9 81.9 95.1

MTFAN [38] INet-RN50 Full 45.7 60.4 − − 74.6 87.4 59.0 74.6 84.8 95.1

STRM [28] INet-RN50 Full 43.1 68.1 37.1 55.3 62.9 86.7 52.3 77.3 80.5 96.9

HyRSM [33] INet-RN50 Full 54.3 69.0 40.6 56.1 73.7 86.1 60.3 76.0 83.9 94.7

Nguyen et al. [20] INet-RN50 Full 43.8 61.1 − − 74.3 87.4 59.6 76.9 84.9 95.9

Huang et al. [12] INet-RN50 Full 49.3 66.7 38.9 61.6 73.3 86.4 60.1 77.0 71.4 91.0

HCL [48] INet-RN50 Full 47.3 64.9 38.7 55.4 73.7 85.8 59.1 76.3 82.5 93.9

SA-CT [47] INet-RN50 Full 48.9 69.1 − − 71.9 87.1 60.4 78.3 85.4 96.4

SloshNet [42] INet-RN50 Full 46.5 68.3 − − 70.4 87.0 59.4 77.5 86.0 97.1
GgHM [43] INet-RN50 Full 54.5 69.2 − − 74.9 87.4 61.2 76.9 85.2 96.3

MoLo [34] INet-RN50 Full 56.6 70.6 42.7 56.4 74.0 85.6 60.8 77.4 86.0 95.5

Zheng et al. [49] INet-RN50 Full 55.4 71.4 41.3 57.5 75.6 87.6 61.5 76.0 87.8 96.0

ST-Adapter [21] INet-RN50 PEFT 52.2 68.7 41.9 55.7 73.0 85.1 60.3 74.7 84.6 94.5

D2ST-Adapter INet-RN50 PEFT 57.0 73.6 45.8 60.9 75.8 87.7 61.6 76.6 86.9 95.6

AIM [44] CLIP-ViT-B PEFT 63.7 79.2 52.8 67.5 88.4 95.3 74.2 86.9 95.4 98.5

DUALPATH [22] CLIP-ViT-B PEFT 64.5 79.8 53.5 68.1 88.8 95.4 74.9 87.5 95.7 98.7

ST-Adapter [21] CLIP-ViT-B PEFT 64.2 79.5 53.1 68.0 88.5 95.1 74.1 87.3 95.9 98.9

D2ST-Adapter CLIP-ViT-B PEFT 66.7 81.9 55.0 69.3 89.3 95.5 77.1 88.2 96.4 99.1

CLIP-FSAR [35]∗ CLIP-ViT-B Full 62.1 72.1 54.6 61.8 94.8 95.4 77.1 87.7 97.0 99.1

EMP-Net [37]∗ CLIP-ViT-B PEFT 63.1 73.0 57.1 65.7 89.1 93.5 76.8 85.8 94.3 98.2

MA-FSAR [41]∗ CLIP-ViT-B PEFT 63.3 72.3 59.1 64.5 95.7 96.0 83.4 87.9 97.2 99.2

Task-Adapter [2]∗ CLIP-ViT-B PEFT 71.3 74.2 60.2 70.2 95.0 96.8 83.6 88.8 98.0 99.4

D2ST-Adapter-MM∗ CLIP-ViT-B PEFT 74.1 83.6 63.6 71.9 96.2 97.2 84.3 89.0 98.3 99.5

Table 2. Comparison with previous adapter-based methods on

traditional full-shot action recognition task with CLIP-ViT-B/16

backbone. The testing views (# frames per clip × # temporal clip

× # spatial crop) are set as 8×1×3 for K400 and 8×3×1 for SSv2.

Method K400 SSv2

AIM [44] 83.9 66.4

DUALPATH [22] 84.1 67.3

ST-Adapter [21] 82.0 67.1

D2ST-Adapter (Ours) 84.5 68.0

fest the effectiveness and robustness of our method in these

scenarios. Besides, the performance improvement by our

D2ST-Adapter over other method, especially ST-Adapter, is

smaller than that on SSv2 datasets. It is reasonable since the

action recognition in these datasets relies less on the tempo-

ral features and thus the disentangled feature encoding of

our method yields limited performance gain.

Comparison with multimodal methods. To have a fair

comparison with the multimodal methods for few-shot ac-

tion recognition, we extend our model to multi-modality

(D2ST-Adapter-MM). This extension draws on the multi-

modal framework of CLIP-FSAR [35] to align with other

methods. Table 1 shows that our method outperforms all

other multimodal methods, especially on SSv2-Full and
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D2ST-Adapter
ST-Adapter
MoLo

20
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40

50

60

70

1              2              3              4                              5              6              7              8

1. Letting [S] roll up a slanted surface, so it rolls back down
2. Poking a stack of [S] so the stack collapses
3. Twisting (wringing) [S] wet until water comes out
4. Putting [S] on the edge of [S] so it is not supported and falls down

5. Putting [S] next to [S]
6. Poking a hole into [S]
7. [S] falling like a feather or paper
8. Taking [S] out of [S]

Figure 3. Illustration of actions our method excels at (1-4) and per-

forms poorly at (5-8), respectively. The performance is evaluated

on SSv2-Small benchmark in 1-shot setting.

SSv2-Small datasets. These findings consistently highlight

the effectiveness and robustness of our D2ST-Adapter.

Comparison on traditional (full-shot) action recogni-
tion task. Our model is particularly effective in the few-

shot scenario while it can also be applied to traditional

action recognition tasks using full training samples. To

obtain a more comprehensive assessment of our model,

we conduct experiments on two traditional action recogni-

tion benchmarks, Kinetics-400 (K400) [14] and Something-

Something-v2 (SSv2) [8], using the same settings as ST-
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Figure 4. Performance and efficiency of different methods with

ResNet-50 backbone on SSv2-Small benchmark in 1-shot setting.

Circle size indicates the memory usage.

Table 3. Comparison with other adapter-based methods using

CLIP-ViT-B/16 as backbone on efficiency. Accuracy on SSv2-

Full benchmark in 1-shot setting is also provided.

Method
Tunable Memory

GFLOPs Latency Acc.
Params Usage

AIM [44] 14.3 M 19.0 GB 208 14.1 ms 63.7

DUALPATH [22] 14.3 M 16.7 GB 171 11.6 ms 64.5

ST-Adapter [21] 14.3 M 16.1 GB 163 12.6 ms 64.2

D2ST-Adapter 7.3 M 17.3 GB 150 18.2 ms 66.7

Adapter [21]. Table 2 shows that our method still outper-

forms these adapter-based methods on both benchmarks.

Case Study of the Pros and Cons of D2ST-Adapter. To

gain more insights into the strengths and weaknesses of our

D2ST-Adapter, we select four categories of actions where

our method excels at, as well as four categories where our

model struggles in comparison to the state-of-the-art MoLo

and ST-Adapter. Figure 3 shows that our model achieves

large performance superiority over other methods on the

relatively complex actions requiring careful reasoning via

learning temporal features for recognition, whilst perform-

ing on par with other methods on simple actions that can be

recognized primarily based on spatial features. Such results

are consistent with the conclusion that our model excels at

recognizing actions involving complex temporal dynamics.

Comparison of efficiency. We compare the efficiency be-

tween our D2ST-Adapter and other methods in terms of

tunable parameter size and memory usage in Figure 4. It

shows that the tunable parameter size of both our model

and ST-Adapter is significantly smaller than other methods

that are based on full fine-tuning, which reveals the advan-

tage of the adapter tuning paradigm over the full fine-tuning

paradigm for task adaptation. Meanwhile, our method out-

performs these full fine-tuning based methods substantially

with much lower parameter-finetuning overhead, which val-

idates the superiority of our method.

We further compare our model with other adapter-based

methods on efficiency in Table 3. Our D2ST-Adapter per-

forms best while maintaining relatively high efficiency due

to the lightweight design of the proposed aDSTA module

and the smaller number of inserted adapters (only one per

Table 4. Comparison between different adapters.

Method
SSv2-Full Kinetics

1-shot 5-shot 1-shot 5-shot

Full Fine-tuning 44.9 57.0 72.4 84.3

Vanilla-Adapter 45.3 57.6 72.6 84.8

ST-Adapter 52.2 68.7 73.0 85.1

DST-Adapter (Ours) 53.7 69.6 74.4 86.4

D2ST-Adapter (Ours) 57.0 73.6 75.8 87.7

Table 5. Effect of the anisotropic sampling of aDSTA.

Method Configurations
SSv2-Full Kinetics

1-shot 5-shot 1-shot 5-shot

aDSTA-S 55.2 71.9 74.1 86.0

Single branch aDSTA-T 56.3 72.5 73.8 85.8

aDSTA-Uniform 55.8 72.2 73.9 86.0

Dual branches aDSTA-S & aDSTA-T 57.0 73.6 75.8 87.7

block in our method vs. two or four per block in other

adapter-based methods [21, 22, 44]).

4.3. Ablation study
We conduct ablation study on SSv2-Full and Kinetics

datasets, using ResNet-50 as the pre-trained backbone and

Bi-MHM [33] as the matching metric.

Comparison between different Adapters. We first com-

pare the performance of different Adapters in Table 4.

Vanilla-Adapter [11] only contains the downsampling and

upsampling layers with a GELU nonlinearity in between.

As described in Section ‘Method’, DST-Adapter is the con-

volutional version of our D2ST-Adapter which models both

the spatial and temporal pathways with 3D convolution.

The performance of full fine-tuning is also provided for ref-

erence. We make following observations.

• Effect of learning temporal features by adapters. ST-

Adapter outperforms Vanilla-Adapter distinctly, which

indicates that using 3D convolution to learn joint spatio-

temporal features facilitates the feature adaptation.

• Effect of disentangled encoding of the spatial and tempo-

ral features is demonstrated by the performance improve-

ment from ST-Adapter to DST-Adapter benefited from

the dual-pathway adapter architecture.

• Effect of the proposed aDSTA. Comparing our D2ST-
Adapter with DST-Adapter, the proposed aDSTA yields

a large performance gain, especially on SSv2-Full which

demands effective encoding of temporal features.

Effect of anisotropic sampling of aDSTA. To investi-

gate the effect of proposed anisotropic sampling scheme

of aDSTA, we compare the performance of our D2ST-
Adapter using four different configurations of the aDSTA:

1) only ‘aDSTA-S’ modeling the spatial pathway is used; 2)

only ‘aDSTA-T’ for the temporal pathway is preserved; 3)

‘aDSTA-Uniform’ performs sampling with uniform density

in both the spatial and temporal domains; and 4) ‘aDSTA-

S & aDSTA-T’ corresponds the fully functional D2ST-
Adapter. Table 5 shows that the distinct performance gap
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Figure 5. Visualization of important shifted reference points w.r.t all queries (first sample), and important shifted reference points w.r.t a

given query, marked with a red star (second sample). More visualization results are provided in the supplementary material.

Table 6. Evaluation of generalization of our D2ST-Adapter across

different matching metrics on SSv2-Full and Kinetics. The state-

of-the-art methods for each metric are involved into comparison.

Matching Metric Method
SSv2-Full Kinetics

1-shot 5-shot 1-shot 5-shot

RFPL 47.0 61.0 74.6 86.8
OTAM MoLo 55.0 69.6 73.8 85.1

D2ST-Adapter 56.0 72.8 74.7 86.8

RFPL 44.6 64.6 66.2 87.3

TRX MoLo 45.6 66.1 64.8 86.3

D2ST-Adapter 47.7 68.6 66.4 87.6

HyRSM 54.3 69.0 73.7 86.1

Bi-MHM MoLo 56.6 70.6 74.0 85.6

D2ST-Adapter 57.0 73.6 75.8 87.7

between these two settings reveals the advantage of con-

figuring specialized sampling densities for the spatial and

temporal pathways.

Generalization Across Different Matching Metrics. To

evaluate the generalization of our D2ST-Adapter across dif-

ferent matching metrics, we conduct the experiments using

three classical matching metrics on SSv2-Full and Kinetics,

including OTAM [3], TRX [23], and Bi-MHM [33], and

compare our model with the state-of-the-art methods corre-

sponding to each metric. Table 6 presents the results, which

show that our D2ST-Adapter consistently outperforms other

methods, especially on the challenging SSv2-Full bench-

mark, validating the well generalization of the proposed

D2ST-Adapter across different matching metrics.

Visualization. We visualize the shifted reference points

learned by our D2ST-Adapter to investigate the proposed

aDSTA qualitatively. Following Deformable Attention [40],

for each shifted reference point serving as key and value, we

accumulate the attention weights assigned by all queries as

its relative importance. Then we visualize top-100 most im-

portant shifted reference points in each pathway, with circle

size indicating their importance, as shown in the first sample

of Figure 5. We also provide visualization of the most rele-

vant reference points w.r.t a certain salient region (token) in

the second sample of Figure 5. To be specific, we manually

select a salient region (indicated by a red star marker) as the

query token and visualize top-50 relevant shifted reference

points to the query in terms of attention weights.

The results show that the shifted reference points learned

by our model can always focus on the salient targets that are

critical for action recognition in both the spatial and tempo-

ral pathways. Another observation is that the shifted points

in the spatial pathway are distributed densely in some spe-

cific frames to capture the spatial appearance features for

the targets, while the shifted points in the temporal pathway

are distributed uniformly among all frames to capture the

temporal dynamics. This is consistent with the anisotropic

sampling of aDSTA for different pathways.

5. Concluding Remarks
We present D2ST-Adapter, which is a novel adapter tun-

ing method for few-shot action recognition. It is designed

in a dual-pathway architecture, which allows for disen-

tangled encoding of spatial and temporal features. More-

over, we design the aDSTA module, which enables D2ST-
Adapter to encode features in a global view while maintain-

ing lightweight design. Extensive experiments demonstrate

the superiority of our model over state-of-the-art methods,

especially in challenging scenarios involving complex tem-

poral features.
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