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Abstract

Going beyond few-shot action recognition (FSAR), cross-
domain FSAR (CDFSAR) has attracted recent research in-
terests by solving the domain gap lying in source-to-target
transfer learning. Existing CDFSAR methods mainly focus
on joint training of source and target data to mitigate the
side effect of domain gap. However, such kind of methods
suffer from two limitations: First, pair-wise joint training
requires retraining deep models in case of one source data
and multiple target ones, which incurs heavy computation
cost, especially for large source and small target data. Sec-
ond, pre-trained models after joint training are adopted
to target domain in a straightforward manner, hardly tak-
ing full potential of pre-trained models and then limiting
recognition performance. To overcome above limitations,
this paper proposes a simple yet effective baseline, namely
Temporal-Aware Model Tuning (TAMT) for CDFSAR. Specif-
ically, our TAMT involves a decoupled paradigm by perform-
ing pre-training on source data and fine-tuning target data,
which avoids retraining for multiple target data with single
source. To effectively and efficiently explore the potential
of pre-trained models in transferring to target domain, our
TAMT proposes a Hierarchical Temporal Tuning Network
(HTTN), whose core involves local temporal-aware adapters
(TAA) and a global temporal-aware moment tuning (GTMT).
Particularly, TAA learns few parameters to recalibrate the
intermediate features of frozen pre-trained models, enabling
efficient adaptation to target domains. Furthermore, GTMT
helps to generate powerful video representations, improving
match performance on the target domain. Experiments on
several widely used video benchmarks show our TAMT out-
performs the recently proposed counterparts by 13%∼31%,
achieving new state-of-the-art CDFSAR results.

1. Introduction
Few-shot action recognition (FSAR) aims to develop video
recognition models with high generalization ability by using

*Equal contribution. †Corresponding author: qlwang@tju.edu.cn.

limited annotated samples, which has achieved remarkable
progress with the rapid development of deep models and pre-
training techniques [6, 17, 27, 45–48, 50, 52, 54, 55]. Going
beyond FSAR, cross-domain FSAR (CDFSAR) has been
attracting recent research interests [38, 49], which focuses
on transferring knowledge from the well-annotated source
domain to target one with few annotated samples. Intuitively,
the domain gap between source and target data will clearly
impact the performance of transfer learning [1, 15, 29].

As a seminal work, SEEN [49] proposes a joint training
paradigm to alleviate side effect of domain gap, where a
parameter-shared model is trained on source data and target
one with supervision learning and self-supervised contrastive
learning objectives, respectively. After the joint training, a
simple nearest neighbor classifier is straightforwardly used
for inference in target domain. As a parallel work, CDFSL-
V [38] proposes a two-stage joint training paradigm, where
the model is first pre-trained on source and target data in a
self-supervised manner, and then a curriculum learning is
developed to further tune the model on source and target
data. Subsequently, a few-shot classifier is fine-tuned on the
annotated target data for inference.

Although some advanced efforts are made [38, 49], they
generally suffer from two limitations. First, both SEEN [49]
and CDFSL-V [38] involve joint training paradigms. As
illustrated in Fig. 1a (1) and (2), they require to retrain the
models B times, given a single source data SCD and B
target data {T 1

CD, · · · , T B
CD} (a commonly used setting [38,

49]). It potentially incurs heavy computation cost due to
frequent retraining on source data SCD, especially for large
SCD and small T b

CD. Second, during the inference stage,
pre-trained models are generally adopted to target domain
in a straightforward manner, i.e., simple nearest neighbor
classifier [49] or a fine-tuned classifier [38]. They hardly
take full advantage of pre-trained models to dynamically fit
target data with the frozen backbone, and so potentially limit
the final recognition performance.

To address the above limitations, this paper proposes
a simple yet effective baseline, namely Temporal-Aware
Model Tuning (TAMT). Particularly, as shown in Fig. 1a (3),
our TAMT involves a decoupled paradigm by pre-training
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Figure 1. (a) Comparison of existing CDFSAR methods in terms of training paradigm under the case of a single source data SCD and B
target data {T 1

CD, · · · , T B
CD}. (b) Comparison (%) of existing CDFSAR methods with K-100 as source data. All results are conducted with

112× 112 resolution except methods marked by * (224× 224 resolution)

the model on source data and subsequently fine-tuning it
on target data. For model pre-training, we introduce a self-
supervised followed by a supervised learning scheme to
consider abilities of both generalization and semantic fea-
tures extraction. As such, in the case of one source data
and multiple target data, our TAMT only requires model
pre-training one time, significantly decreasing training cost.

To explore the potential of pre-trained models in do-
main adaptation, our TAMT proposes a Hierarchical Tem-
poral Tuning Network (HTTN), whose core involves local
Temporal-Aware Adapters (TAA) and a Global Temporal-
aware Moment Tuning (GTMT). Particularly, TAA intro-
duces few learnable parameters to recalibrate a part of in-
termediate features outputted by frozen pre-training models,
which helps adapt pre-training models to target data effi-
ciently. By considering the significance of global representa-
tions in metric-based few-shot classification, our GTMT pro-
poses to exploit spatio-temporal feature distribution approxi-
mated first- and second-order moments to generate powerful
video representations. Particularly, GTMT presents an effi-
cient long-short temporal covariance (ELSTC) to effectively
compute second-order moments of spatio-temporal features.
By equipping with TAA and GTMT, our HTTN dynamically
adopts pre-trained models to target data in an effective and ef-
ficient way, clearly improving recognition performance. As
shown in Fig. 1b, our proposed TAMT can bring significant
performance gains over existing methods with lower training
cost. To evaluate our TAMT, experiments are conducted on
five source datasets (i.e., Kinetics-400 (K-400) [7], Kinetics-
100 (K-100) [59], Something-Something V2 (SSV2) [16],
Diving48 (Diving) [24] and UCF-101 (UCF) [41]) and five
target datasets (i.e., HMDB51 (HMDB) [23], SSV2, Diving,
UCF-101 (UCF) [41] and RareAct [30]). The contributions
of this work can be summarized as follows:

1) In this paper, we propose a simple yet effective baseline for

the cross-domain few-shot action recognition (CDFSAR)
task, namely Temporal-Aware Model Tuning (TAMT). To
our best knowledge, TAMT makes the first attempt to
introduce a decoupled training paradigm for CDFSAR,
effectively avoiding frequent retraining in the case of one
source data and multiple target data.

2) Unlike previous CDFSAR works, our TAMT pays more
attention to effectively and efficiently adopting pre-trained
models to target data. Particularly, a lightweight Hierar-
chical Temporal Tuning Network (HTTN) is proposed to
recalibrate intermediate features and generate powerful
video representations for the frozen pre-training models
via local Temporal-Aware Adapters (TAA) and a Global
Temporal-aware Moment Tuning (GTMT), respectively.

3) Extensive experiments are conducted on various video
benchmarks, and the results show our TAMT significantly
outperforms the recently proposed CDFSAR methods.

2. Related Work

2.1. Few-Shot Action Recognition

With the development of large video models and the in-
surmountable success of action recognition methods [2,
9, 26, 35, 44, 51, 53, 56], few-shot action recognition
methods are emerging and thriving. Existing few-shot ac-
tion recognition methods mainly use pre-trained backbone
models on image benchmarks (e.g., ImageNet-1k [10] and
CLIP [37]), which focus on the frame-level alignment be-
tween query and support videos in few-shot learning (FSL).
Some early researches [3, 5, 6] estimate temporal alignment
for frame-level features to match the query videos and sup-
port set. TRX [33] leverages an attentional mechanism to
match each query video with all videos in the support set.
HyRSM [45] introduces a hybrid relation module and de-
signs a Bi-MHM for flexible matching. STRM [42] proposes
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a spatio-temporal enrichment module to analyze spatial and
temporal contexts. MASTAF [27] uses self-attention and
cross-attention modules to increase the inter-class variations
while decrease the intra-class variations. MoLo [48] learns
long-range temporal context and motion cues for comprehen-
sive few-shot matching. CLIP-FSAR [52] devises a video-
text contrastive objective and proposes a prototype modula-
tion to fully utilize the rich semantic priors in CLIP. Different
from the aforementioned works, our method aims to perform
an effective yet efficient temporal-aware model tuning on
the pre-trained frozen backbones to realize CDFSAR tasks.

2.2. Cross-Domain Few-Shot Action Recognition
Cross-domain few-shot learning requires base and test data
from different domains. BS-CDFSL [19] first introduces
an image benchmark for cross-domain few-shot learning,
and early studies handle cross-domain action recognition
by mainly focusing on deep feature learning and cross-
domain learning [12]. Meanwhile, as supplements, previ-
ous works [13, 14] also introduce some source-target data
pairs to evaluate the performance of CDFSAR. Recently,
SEEN [49] proposes to integrate supervised learning with
an auxiliary self-supervised contrastive learning to tackle
the issue of domain gap lying in CDFSAR task. For above
works [13, 14, 49], there exist some shared classes lying
in the constructed source-target data pairs, which however,
is not expected in CDFSL task. CDFSL-V [38] proposes
a new benchmark to solve this problem by removing all
overlapping classes between the source and target datasets.
DMSD [18] designs two branches called the original-source
and the mixed-source branches for meta-training based on
the pipeline of CDFSL-V. But different from pair-wise joint
training studied in previous CDFSAR methods [18, 38, 49],
our proposed TAMT develops a decoupled paradigm to avoid
frequent retraining in case of one source data and multiple
target data, while proposing an HTTN method to effectively
and efficiently adapt pre-training models for the target do-
main. Experimental comparisons (Sec. 4.2) show our TAMT
significantly outperforms existing counterparts.

3. Method
In this section, we first provide a brief definition of CDFSAR
task. Then, we show the overview of our decoupled TAMT
paradigm, which pre-trains models on source data while
fine-tuning the pre-trained models on target one. Finally,
we detailedly introduce the proposed hierarchical temporal
tuning network (HTTN) for model tuning on target domain,
which consists of local Temporal-Aware Adapters (TAA)
and Global Temporal-aware Moment Tuning (GTMT).

3.1. Problem Formulation
CDFSAR task aims to develop an FSAR model for mitigat-
ing the side effect brought by domain gap between the source

dataset SCD and the target dataset TCD. In the context of
cross-domain, the model could be trained on well-annotated
SCD and TCD with few annotated samples. After that, the
transferring performance of the proposed method is evalu-
ated on target domain TCD. In the target-domain TCD, the
pre-trained model is evaluated on its novel (test) set N under
FSL protocol, by providing training samples from its base
(training) set B, w.r.t., TCD = B

⋃
N . For one FSL infer-

ence unit (dubbed as task or episode), it consists of unknown
query videos {Q1, · · · ,QU}, and an annotated support set
Σ. For N -way K-shot setting, each episode involves N
categories and each category has K samples in Σ. The final
goal of CDFSAR is to accurately classify each query video
Qi by leveraging the limited data available in the support set
Σ. Particularly, to assess the transferring performance in a
convincing way, the classes are non-overlapping in SCD and
TCD, i.e., SCD

⋂
TCD = ∅, and N

⋂
B = ∅ for FSL.

3.2. Overview of Temporal-aware Model Tuning

Compared to FSAR, CDFSAR is further challenged by do-
main gap lying in source-to-target transfer learning. Previ-
ous works [38, 49] develop some joint training paradigms
on source and target data to mitigate side effect of domain
gap. As shown in Fig. 1a, joint training paradigm gener-
ally suffers from model retraining in case of one source and
multiple target data. Besides, they take no full advantage
of pre-trained models by using some straightforward few-
shot adaptation methods, potentially limiting recognition
performance. To solve above issues, we propose a decoupled
training paradigm, namely TAMT. As shown in Fig. 2 (a),
our TAMT can be summarized as two phases: pre-training
on SCD and fine-tuning on TCD. Specifically, the model is
first pre-trained on SCD to learn the knowledge from source
domain. Subsequently, it is fine-tuned on TCD to perform
transfer learning on target domain. The details are as follows.
Pre-training on Source Data. In this work, our TAMT
pre-trains the models only on source data. To consider
both generalization and representation abilities of pre-trained
model, our TAMT develops a two-stage pre-training strat-
egy. Inspired by success of self-supervised learning (SSL)
on video pre-trained models [43], we first introduce the
reconstruction-based SSL solution to train our models for
capturing general spatio-temporal structures lying videos,
helping our pre-trained models can be well generalized to
various downstream tasks. However, such SSL solution
usually focuses on the fundamental features [20], while ne-
glecting high-level semantic information [31, 36, 44, 58],
and limiting representation or discriminative abilities of pre-
trained models. Existing works [31, 36, 58] make attempts
to combine reconstruction-based SSL with self-supervised
contrastive learning to improve discriminative ability of pre-
trained models. By considering the samples are well anno-
tated on source data, we simply incorporate a supervised
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Figure 2. (a) Overview of our TAMT paradigm, which pre-trains the models on SCD and fine-tunes them on TCD . Specifically, for
pre-training stage, the model is first optimized with a reconstruction-based SSL solution, while the encoder E is post-trained with the
SL objective. Subsequently, the pre-trained E is fine-tuned for few-shot adaptation on TCD by using our HTTN. (b) HTTN for few-shot
adaptation, where a metric-based is used for few-shot adaptation. Particularly, our HTTN consists of local Temporal-Aware Adapters (TAA)
and Global Temporal-aware Moment Tuning (GTMT).

learning (SL) after SSL to enhance the representation ability
of pre-trained models. To be specific, the encoder E of the
model is first trained with reconstruction-based SSL, and
then it is optimized with recognition objectives on annotated
SCD. As such, our two-stage pre-training strategy poten-
tially achieves generalization and representation trade-off,
where both SSL and SL play key roles in the final perfor-
mance. More analysis can refer to Sec. 4.3.
Fine-tuning on Target Data. By considering the issue of
domain shift between source data and target one, we propose
a hierarchical temporal tuning network (HTTN), aiming to
effectively and efficiently adopt the pre-trained model E to
target domain. In particular, we construct our HTTN by
using a metric-based FSL pipeline [40]. To fully explore
the potential of the frozen pre-trained models in transferring
to target domain, we present local temporal-aware adapters
(TAA) and a global temporal-aware moment tuning (GTMT)
to recalibrate the intermediate features and generate powerful
video representations according to few annotated samples on
target domain, respectively. The details of our HTTN will
be described in the following subsection.

3.3. Hierarchical Temporal Tuning Network
To perform few-shot adaptation of pre-trained models on tar-
get domain TCD, we propose a Hierarchical Temporal Tun-
ing Network (HTTN). As depicted in Fig. 2 (b), our HTTN
integrates several local Temporal-Aware Adapters (TAA)
into last-L transformer blocks of pre-trained model E , and
insert a Global Temporal-aware Moment Tuning (GTMT)
module with efficient long-short temporal covariance (EL-
STC) at the end of E . Given an input video, the features are
extracted by the frozen E , which are recalibrated by our TAA
modules and subsequently fed into GTMT to generate final

representation. Ultimately, the representations derived from
query and support videos are compared using a similarity
metric, which serves as logits for training and inference.
Local Temporal-Aware Adapter (TAA). In the decoupled
training protocol of TAMT, it is important to utilize target
domain for tuning source pre-trained model. However, the
conventional full fine-tuning (FFT) strategy will optimize
all of the parameters, bringing high training consumption
and potentially posing the risk of overfitting, particularly in
the few-shot learning scenario. As suggested in previous
works for NLP and image classification tasks [21, 25], we
introduce a parameter-efficient approach for recalibrating
video features in a temporal-aware manner.

Given a certain intermediate-layer feature F ∈ RT×M×C ,
where T,M,C denotes temporal length, token number in
one frame and channel number, respectively. TAA introduces
a few learnable scale and bias parameters for features of each
frame, which can be written as follows:

F′ = γ ⊙ F⊕ β, (1)

where ⊙ and ⊕ represent the multiplication and addition
operations, respectively. For the sake of convenience, here
we omit the expansion operation along M dimension for
scale γ ∈ RT×C and bias β ∈ RT×C . Particularly, γ and β
indicate the temporal cues of F decided by transformation
functions W and G respectively. Therefore, we have

γ = W
(
F̂
)
= Wγ

↑ ⊛ g1

(
Wγ

↓ ⊛ F̂
)
, (2)

β = G
(
F̂
)
= Wβ

↑ ⊛ g2

(
Wβ

↓ ⊛ F̂
)
, (3)

where F̂ ∈ RT×C presents the output of global average
pooling on F. By taking Eqn. (2) as an example, func-
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Figure 3. Overview of our proposed Hierarchical Temporal Tuning Network (HTTN), where (a) local temporal-aware adapters (TAA) are
inserted into the last L transformer blocks to recalibrate the intermediate features of frozen pre-training models in an efficient manner. At the
end of HTTN, a Global Temporal-aware Moment Tuning (GTMT) module with efficient long-short temporal covariance (ELSTC) is used to
obtain powerful video representations for improving matching performance.

tion W is efficiently implemented by a two-layer temporal
convolution with temporal kernel kt > 1 (denoted as ⊛),
effectively capturing the temporal information. Particularly,
for parameter efficiency, W is realized by involving a dimen-
sionality reduction operation C → C

ρ → C with a hyper
parameter of ρ and parameters of Wγ

↓ and Wγ
↑ . And the

operation g∗ is on behalf of the activation function, aiming to
enhance the non-linear relation, among which g1 is a ReLU
layer followed by a sigmoid function, g2 is a single ReLU
layer. Moreover, for further parameter efficiency, Wγ

↓ and
Wβ

↓ are implemented with a parameter-shared Wγ&β
↓ , w.r.t.,

Wγ&β
↓ := Wγ

↓ := Wβ
↓ . The structure of TAA is illustrated

in Fig. 3 (a). Practically, ρ is set to 4 and kt = 3 throughout
all of experiments in this work.

Note that, as shown in Fig. 3 (a), our light-weight TAA
is generally embedded into last-L transformer blocks in
a plug-and-play manner. Thus, HTTN can be efficiently
tuned by freezing most of the pre-trained parameters, and
only partially learning a few parameters, which provides a
both parameter- and memory-efficient tuning solution for the
pre-trained model. Simple adapters [21, 25] focus only on
modeling spatial information, our TAA additionally learns
temporal information. And different from other temporal
adapters [8, 32], which respectively uses an autoregressive
task and 3D depth-wise convolution for temporal alignment
and adapter, our TAA efficiently re-scales and translates
video features in a temporal-aware way.
Global Temporal-Aware Moment Tuning (GTMT). In
general, the FSL task can be regarded as a comparison prob-
lem between query and support representations ZQi and
ZSj

in query video set Qi and support video set Sj , i.e.,

simi,j = D
(
ZQi

,ZSj

)
where D is a pre-defined metric. In-

tuitively, a powerful representation Z will help the matching
performance. By considering that previous works [38, 49]
take no merit of rich statistical information inherent in deep
features, our HTTN proposes Global Temporal-Aware Mo-
ment Tuning (GTMT) method to exploit probability distri-
bution for modeling video features, which can effectively
characterize statistics of features and provide powerful rep-
resentations [4, 11]. Let X ∈ RT×M×C be the features
from the last transformer block of HTTN, the probability
distribution of features X can be approximately portrayed by
feature moment [11]. Let ΦX(u) be characteristic function
of features X with argument u ∈ R, Z can be written as:

Z := ΦX(u) = 1+α1M1+α2M2+ · · · = 1+

∞∑
p=1

αpMp,

(4)
where Mp indicates the pth-order moment of X and αp ∈ R
is the coefficient. For the consideration of computational
cost, p is maximum to 2, which involves the zero-, first-, and
second-order moments.

By considering the temporal dynamic in the video fea-
tures, we compute the first- and second-order moment M1

and M2 in a temporal manner. To be specific, M1 can be
obtained by the global average pooling (GAP) layer:

M1 = GAP (X) =
1

TM

T∑
t=1

M∑
m=1

Xt,m. (5)

However, a straightforward implementation of the second-
order moment M2, referring to a simple temporal covariance
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with concurrently considering interaction across all frames
(termed as TCov), typically needs (TC)

2-dimensional com-
putation consumption. Thereby, we propose an Efficient
Long-Short Temporal Covariance layer (ELSTC),

M2 = ELSTC (X) = A (LSTC (Xg1) ; · · · ; LSTC (XgG)) .
(6)

For high efficiency, the sequence feature X is split into G
groups along temporal dimension and can be rewritten as:
X = [Xg1 ; · · · ;XgG ], where notation [·] indicates concate-
nation. For group ge, Xge ∈ RT ′×M×C is with temporal
length T ′ = T

G , leading to reduce the computation consump-
tion G times. In each group ge, aiming for temporal-aware
modeling, we devise LSTC to compute long-short temporal
covariance as follows:

LSTC (Xge) =
{
Rge

t,t′

}T ′2

t,t′
; (7)

Rge
t,t′ =

1

M

M∑
m=1

X̃ge
⊤

t,m X̃ge
t′,m; X̃ = K (X) . (8)

In group ge, the covariance matrix Rge
t,t′ ∈ RC

τ ×C
τ captures

temporal correlation between t-th and t′-th frame of X̃ ∈
RT ′×M×C

τ . The feature X̃ is a transformation of X with an
MLP layer K, bringing the dimension reduction by a hyper
parameter τ : C → C

τ . ⊤ represents transposition operation.
In particular, for one covariance matrix Rge

t,t′ in group
ge, the timestamps t and t′ always have a temporal gap ∆,
ranging from 0 to (T −G) with an interval of G. For ∆ = 0,
Rge

t,t indicates the static appearance information of X̃ge
t , and

for other ∆ ̸= 0, Rge
t,t′ outputs the temporal cross-covariance

of X̃ge
t and X̃ge

t+∆. As a result, the output of LSTC (Xge)
describes the various temporal correlations from short-term
(one frame) static appearance to long-term crossing (T −G)
frames motion information.

Furthermore, the outputs derived from G groups are ul-
timately summarized with A, generating a holistic video
representation M2. To the sake of clarity, the output of
LSTC for group ge is rewritten as Yge ∈ RT ′ C

τ ×T ′ C
τ ×1 by

concatenating all {Rge
∗,∗} in group ge. And then, M2 is:

M2 = A (Yg1 , · · · ,YgG) , (9)

where the indication A denotes two convolutional layers
with kc × kc kernel, with each followed by a BN layer and
ReLU activation function. By setting the proper stride and
output channel, the dimension of G-group output is changed
from T ′C

τ × T ′C
τ ×G to CM ×CM × 1, and vectorized to

C2
M × 1 ultimately. By omitting the constant zero-order in

Eqn. (4), the final representation of our HTTN is expressed
by combining the first and second-order moment as follows:

Z = H (M2)⊕M1, (10)

where a linear projection H is used to align the dimension
of M2 with that of M1, i.e., C2

M → C. In this work, kc =
3, τ = 6, CM = 64 for all experiments.

4. Experiments
We extensively compare our TAMT with state-of-the-arts on
both CDFSAR and FSAR tasks (see supplementary mate-
rial), and conduct the ablation study on CDFSAR task.

4.1. Experimental Settings
Datasets. For CDFSAR task, we use the K-400 [7], K-
100 [59], SSV2 [16], Diving [24] and UCF [41] as the
source domains SCD, which transfer to following five tar-
get domains TCD: HMDB [23], SSV2, Diving, UCF and
RareAct [30]. For the source datasets, we follow the non-
overlapping setting protocol [38] between SCD and TCD in
cross-domain scenario. Specifically, source datasets K-400
and K-100 are removed some shared classes with UCF and
HMDB, resulting in 364 and 61 categories retained respec-
tively. For the target datasets, we utilize established splits for
HMDB, SSV2, Diving and UCF as outlined in previous stud-
ies [27, 38, 39, 45, 48, 57]. For RareAct database, we split
the base, validation and novel set with 48, 8 and 8 classes.
For FSAR task, TAMT is evaluated on SSV2, HMDB and
UCF, whose splits follow their configurations in CDFSAR.
Implementation Details. We adopt VideoMAE [43] as the
backbone, which is respectively built on ViT-S or ViT-B
architectures for CDFSAR and FSAR for fair comparison.
If not specified otherwise, the input resolution is 112× 112
for ViT-S in CDFSAR and 224 × 224 in ViT-B for FSAR.
The video inputs of the model are set to 16 frames, and then
they are reduced to 8 in the patch embedding stage before
the first transformer block. For optimization, we use SGD as
the optimizer and adopt a cosine decay strategy to schedule
the learning rate. The training epochs are set to 400, 140
and 40 for the SSL, SL and fine-tuning, respectively. In the
pre-training phase, we employ the mean squared error and
cross-entropy (CE) losses for SSL and SL, respectively. For
the fine-tuning phase, we use CE loss. Euclidean distance is
served as the metric function D. We report accuracy in 5-way
1-shot and 5-way 5-shot settings on a single view, averaging
10,000 episodes for inference. Source code is available at
https://github.com/TJU-YDragonW/TAMT.

4.2. Comparison with State-of-the-Arts
To fully evaluate our TAMT in the CDFSAR task, we con-
duct experiments with 5 source datasets and 5 target datasets,
which form a nearly one-vs.-one cross-domain setting. Be-
sides, we compare with state-of-the-art CDFSAR methods,
which to our best knowledge cover all published CDFSAR
works. The results of different methods in terms of 5-way
5-shot accuracy are reported in Tab. 1, where the best and
second best results are highlighted in red and blue font,
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Method Source Target
HMDB SSV2 Diving UCF RareAct Average

STARTUP++ [34] 44.71 39.60 14.92 60.82 45.22 41.05
DD++ [22] 48.04 44.50 16.23 63.26 47.01 43.81
STRM [42] 24.98 35.01 16.69 42.33 39.01 31.60
HYRSM [45] K-400 29.81 40.09 17.57 45.65 44.27 35.49
CDFSL-V [38] 53.23 49.92 17.84 65.42 49.80 47.24
TAMT (Ours) 74.14 59.18 45.18 95.92 67.44 68.37(+21.13)
TAMT* (Ours) 77.82 64.20 49.16 97.08 73.31 72.31
STARTUP++ [34]

K-100

24.97 15.16 14.55 32.20 31.77 23.73
DD++ [22] 25.99 16.00 16.24 34.10 31.20 24.71
SEEN*† [49] 52.80 31.20 40.90 79.60 50.20 50.94
CDFSL-V [38] 29.80 17.21 16.37 36.53 33.91 26.76
DMSD*† [18] 54.90 32.10 42.28 81.90 53.30 52.90
TAMT (Ours) 61.76 48.90 38.33 87.76 52.81 57.91(+31.15)
TAMT* (Ours) 70.87 58.38 44.15 93.69 61.67 65.75
CDFSL-V [38] SSV2 29.86 - 17.60 33.30 35.25 29.00
TAMT (Ours) 63.66 - 38.75 83.45 42.23 57.02(+28.02)
CDFSL-V [38] Diving 28.45 17.46 - 31.98 34.11 28.00
TAMT (Ours) 45.18 38.09 - 63.52 36.88 45.92(+17.92)
STARTUP++ [34]

UCF

23.56 - 14.84 - 31.31 23.24
DD++ [22] 24.06 - 16.15 - 32.00 24.07
CDFSL-V [38] 28.86 - 16.07 - 33.91 26.82
TAMT (Ours) 45.34 - 33.38 - 41.08 39.93(+13.11)

Table 1. Comparison(%) of state-of-the-arts on CDFSAR setting in terms of 5-way 5-shot accuracy, where five datasets (K-400, K-100,
SSV2, Diving and UCF) are used as source data for transferring to five target datasets. All results are conducted with 112× 112 resolution
by using ViT-S backbone, except methods marked by * (224× 224 resolution) and marked by † (backbone of ResNet-18).

Pre-tr Tuning

SSL SL SSV2 Diving UCF Average
Frozen FFT TAMT Frozen FFT TAMT Frozen FFT TAMT Frozen FFT TAMT

✓ 29.27 48.99 47.21 22.10 35.13 33.59 55.30 80.92 77.59 35.56 55.01 52.80
✓ 34.91 41.39 45.15 27.15 33.27 37.96 88.41 89.36 89.73 50.16 54.67 56.48

✓ ✓ 40.45 55.99 59.18 28.09 42.85 45.18 94.69 94.95 95.92 54.41 64.30 66.76

Table 2. Results (%) of various pre-training (Pre-tr) schemes and tuning strategies in terms of 5-way 5-shot accuracy (ViT-S as backbone).
Memory: Training memory cost of FFT and TAMT. Parameter: Training parameters of FFT and TAMT.

respectively. From Tab. 1 we can conclude that (1) our
TAMT outperforms existing methods by 13%∼31% across
all settings, leading to large performance gains. (2) On
two widely used source datasets (K-400 and K-100), TAMT
outperforms CDFSL-V [38] by an average of 21.13% and
31.15% across five target datasets, respectively. For the
source datasets SSV2, Diving and UCF, our TAMT achieves
improvements of 28.02%, 17.92% and 13.11% over CDFSL-
V on average across different target datasets. (3) TAMT
achieves performance improvements of 18.07%, 27.18%,
3.25%, 14.09%, and 11.47% over SEEN [49] across five tar-
get domains, while outperforming DMSD [18] with 15.97%,
26.28%, 1.87%, 11.79% and 8.37%. Furthermore, compared
to CDFSL-V, our TAMT with decoupled training paradigm
has nearly 5× less training computational cost1. These re-
sults above clearly demonstrate that our TAMT provides a
promising baseline for the CDFSAR task in terms of both
efficiency and effectiveness.

1TAMT consumes 19 GPU days compared to CDFSL-V’s 88 GPU days
when training on the K-400 source dataset across five target datasets.

Method Memory Parameters Training Time
FFT 17.5G 29.9M 10.6h
TAMT 1.9G 2.8M 7.3h

Table 3. Efficiency Comparison for FFT and TAMT.
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Figure 4. Convergence curves of FFT and TAMT on SSV2 dataset.

4.3. Ablation Studies
In this subsection, we conduct ablation studies to evaluate
the effect of various components on three target datasets, i.e.,
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Adapter Moment SSV2 Diving UCF Average

None GAP 40.45 28.09 94.69 54.41
GTMT 53.41 42.87 94.97 63.58

TAA

GAP 54.66 43.26 95.23 64.38
TCov 56.72 43.68 95.16 65.19
ELSTC 58.56 43.90 95.37 65.94
GTMT 59.18 45.18 95.92 66.76

(a) Separated local or global modules.

Method SSV2 Diving UCF Average
Adapter [21] 52.01 40.72 95.05 62.59
SSF [25] 50.46 31.51 95.25 59.07
TAM [28] 53.74 42.67 94.96 63.79
ST-Adapter [32] 54.26 43.12 95.16 64.18
TAMT (Ours) 59.18 45.18 95.92 66.76

(b) Adapter counterparts.

Table 4. Effect of core components (i.e., TAA & GTMT) on HTTN, where the results (%) in terms of 5-way 5-shot accuracy are reported.

SSV2, Diving and UCF, with K-400 serving as the source
dataset. If not specified otherwise, the group number G is 4,
and TAA block number L is 2 for the default option, whose
ablation studies are reported in the supplemental material.
The results highlighted with the same color indicate the iden-
tical deployment and experimental setting. To compare the
training efficiency, we compare the GPU memory allocation
required for training one episode (with 85 instances) on a
server equipped with single NVIDIA TiTAN RTX A6000
GPU and Intel Xeon 8358 @ 2.6GHz CPU.
Pre-training and Fine-Tuning Strategies. We first assess
the effect of various pre-training protocols (i.e., SSL, SL,
and their combinations) and different fine-tuning approaches.
For fine-tuning methods, Frozen, FFT, and our TAMT ap-
proaches learn none, full, or partial parameters of the pre-
trained model, respectively. Particularly, Frozen method
employs a learnable logistic regression classifier for few-
shot inference [38]. As shown in Tab. 2, combining SSL
with SL as a pre-training protocol consistently yields supe-
rior performance2 over SSL or SL alone, across different
fine-tuning methods and various target benchmarks, achiev-
ing gains of about 10%∼20%. By integrating SSL with SL
for pre-training, our TAMT consistently outperforms FFT by
about 1%∼3%. These results verify the effectiveness of our
TAMT in mitigating the potential risk of overfitting under
the optimal SSL & SL pre-training protocol. Furthermore,
as shown in Tab. 3, our TAMT requires only ∼ 0.1× GPU
memory, 0.1× learnable parameters, and 0.7× training time
compared to FFT, indicating the high efficiency of our TAMT
decoupled training paradigm. Additionally, the convergence
curves of models trained by FFT and our TAMT on SSV2
dataset [16] are illustrated in Fig. 4, where we can observe
that FFT reaches earlier performance saturation than TAMT
at the training stage, and validation performance degrades
in the later training period (after ∼30 epochs). This may
suggest that FFT, with fine-tuning all parameters, suffers
from the issue of overfitting again.
Effect of TAA and GTMT. We explore the individual con-
tributions of TAA and GTMT within our HTTN in Tab. 4.

2When a single SSL is used for pre-training, FFT shows a 2% improve-
ment over TAMT, likely due to SSL focusing on structural information,
while FFT better assimilates semantic information.

When evaluated separately, both TAA and GTMT exhibit
notable performance enhancements, as detailed in Tab. 4
(a). Specifically, in the absence of any adapter, GTMT out-
performs the conventional GAP with an overall accuracy
improvement of 9.17%, showcasing remarkable superiority
on the challenging SSV2 and Diving with improvements of
12.96% and 14.78%, respectively. In addition, by integrating
TAA with a variety of global statistical methods, our GTMT
surpasses its counterparts, achieving the highest average per-
formance of 66.76% across three datasets. It is evident that
the approaches utilizing second-order statistics (TCov, EL-
STC and GTMT) generally outperform first-order methodol-
ogy (GAP). And among various second-order fashions, our
ELSTC notably exceeds TCov with 0.75% average gains in
a more efficient manner (with 262K vs. 4K dimension gap,
see supplementary material for detailed analysis). Moreover,
by adopting first-order for ELSTC, GTMT achieves a fur-
ther improvement of 0.82%. These findings prove that TAA
and GTMT can serve as competitive solutions for local and
global tuning strategies. Furthermore, our TAMT also con-
sistently surpasses its adapter counterparts—Adapter [21],
SSF [25], TAM [28] and ST-Adapter [32]—with average
performance improvements of 4.17%, 7.69%, 2.97% and
2.58% as detailed in Tab. 4 (b), respectively.

5. Conclusion

This paper proposed a novel Temporal-Aware Model
Tuning (TAMT) method for cross-domain few-shot action
recognition (CDFSAR) task. Particularly, to our best
knowledge, our TAMT makes the first attempt to introduce
a decoupled training paradigm for CDFSAR, effectively
avoiding model retraining in the case of single source data
and multiple target data. Moreover, from the perspectives
of local feature recalibration and global (powerful) rep-
resentation generation, a Hierarchical Temporal Tuning
Network (HTTN) is proposed to effectively transfer the
pre-trained models to target domain in a memory- and
parameter-efficient manner. Extensive comparisons on
CDFSAR tasks verify the effectiveness of our TAMT. We
believe our TAMT provides a strong baseline for CDFSAR,
and potentially contributes to push CDFSAR forward.
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