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Abstract

In few-shot action recognition (FSAR), limited annotated data and large scene variations
make it difficult for models to learn stable spatial semantics and reliable temporal dynam-
ics. As a result, spatiotemporal representations tend to be weak, and models often fail
to focus on discriminative motion regions or capture frame-to-frame changes accurately.
Furthermore, the insufficient fusion of local details and global context renders the learned
features more susceptible to background noise and scene bias. These issues become more
pronounced when background clutter is severe or when different action classes share locally
similar segments, leading to unreliable support–query matching and shifted similarity
distributions, which ultimately result in class confusion. To address these challenges,
we propose a bidirectional adaptive spatiotemporal modeling method integrated with
contrastive learning for FSAR. The method constructs attention-guided bidirectional differ-
encing features to model inter-frame variations with semantic alignment, while suppressing
background noise. It introduces a local–global interactive channel attention module to
strengthen both local and global dynamic representations, and integrates dynamic distance
adjustment with hard negative mining during tuple-level matching. This combination
imposes contrastive constraints that enhance intra-class compactness and inter-class sep-
arability, thereby mitigating interference from cross-class similar segments. Experiments
under the standard 5-way 1-shot/5-shot protocol demonstrate consistent improvements
across multiple datasets, and the proposed method achieves the best performance under
the 5-shot setting while remaining competitive under the 1-shot setting.

Keywords: few-shot action recognition; spatiotemporal feature extraction; contrastive
learning; tuple-level matching

1. Introduction
Video action recognition has made significant progress in practical scenarios such as

intelligent security [1] and anomaly detection [2]. Recent applications also span factory
safety monitoring [3,4], fall detection in healthcare [5], surgical workflow understanding [6],
and sports video analytics [7]. It relies heavily on large-scale labeled data, thus limiting its
applicability in data-scarce scenarios. Consequently, few-shot action recognition (FSAR)
has become an active research topic, aiming to recognize novel action categories with
only a few labeled samples. Compared with image recognition, action recognition needs
to handle higher-dimensional data structures, and therefore faces two key challenges:
temporal continuity and spatial variability. Spatiotemporal feature modeling has improved
significantly in recent years, laying the foundation for FSAR [8–13]. Most FSAR methods
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adopt a metric-learning paradigm by learning a shared embedding space and measuring
the similarity between the support set and the query set to enable cross-class transfer.
Representative FSAR studies have mainly focused on temporal alignment, structured
matching, and metric learning, while recent studies have continued to improve feature
transferability and spatiotemporal representation learning in FSAR [14–16].

Existing methods achieve promising recognition performance and continue to enhance
spatiotemporal modeling, yet they still face two major challenges. First, actions typically
evolve over time and exhibit complex spatial structures, making it difficult to characterize
complete dynamics when relying only on a few key frames or local details. Second, some
actions appear visually similar but are semantically different; such differences are often
manifested in only a few key frames or fine-grained regions. Traditional methods using
fixed metrics may fail to capture these subtle differences robustly, leading to inter-class
confusion and weakened discrimination. To address these issues, the model should possess
stronger temporal awareness and better focus on key motion changes. It should jointly
model local details and global pose, while maintaining reliable separation of similar sub-
sequences in the metric space.

Motivated by these observations, we propose a new few-shot action recognition
method termed Bidirectional Adaptive Spatiotemporal Modeling with Contrastive Learning
(BiASTM-CL). The proposed method follows two synergistic ideas. First, we introduce inter-
frame attention into differencing-based modeling, which stabilizes differenced features
via semantic alignment and forms bidirectional dynamic representations. Second, we
incorporate local–global interactive channel attention on top of the differenced features to
enhance salient cues and suppress redundant information, and further impose contrastive
constraints with dynamic distance adjustment during tuple-level matching. This design
improves intra-class compactness and inter-class separability, thereby reducing mismatches
caused by similar sub-sequences.

To summarize, the major contributions of this work are as follows:

• We design an Attention-Guided Inter-Frame Differencing Mechanism (AGID), which
leverages cross-frame attention to drive bidirectional difference modeling and con-
struct forward–backward temporal difference sequences, thereby capturing critical
motion dynamics in actions.

• We propose a Local–Global Interactive Channel Attention Module (LGICA) that simul-
taneously models local details and global dependencies along the channel dimension.
Driven by cross-correlation, it adaptively generates attention weights and collaborates
with spatial attention to achieve deep integration of fine-grained and global semantics.

• We develop a Dynamic Distance Adjustment Contrastive Learning Module (DACM).
It adaptively adjusts intra-class compactness and inter-class separability to refine simi-
larity scores between support and query samples, effectively suppressing interference
from similar sub-sequences and background clutter.

Problem Formulation

Few-shot action recognition is formulated under the episodic meta-learning setting.
Let the dataset be divided into a training set Dtrain and a test set Dtest, where the corre-
sponding class sets are disjoint, i.e.,

Ctrain ∩ Ctest = ∅.

In each episode, an N-way K-shot task is constructed by sampling N action classes,
with K labeled videos per class forming the support set

S = {(xc
i , yc) | c = 1, . . . , N, i = 1, . . . , K},
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and the corresponding query videos forming the query set

Q = {(xc
j , yc) | c = 1, . . . , N, j = 1, . . . , M}.

Given a query video xq ∈ Q, the goal is to predict its class label by matching it against
the support classes:

ŷq = arg max
c∈{1,...,N}

Sim
(
Φ(xq), Φ(S c)

)
,

where Φ(·) denotes the learned video representation and Sim(·, ·) denotes the support–
query similarity function.

The main challenge is to learn a representation and matching function that remain reli-
able under limited supervision, temporal variation, and cross-class similar sub-sequences.
Ideally, the similarity between a query and its target class should be higher than that to
non-target classes, i.e.,

Sim
(
Φ(xq), Φ(Syq)

)
> Sim

(
Φ(xq), Φ(S c)

)
, ∀c ̸= yq.

Motivated by this objective, our method focuses on temporally informative differencing-
based motion modeling, local–global feature refinement, and interference-aware similar-
ity learning.

2. Related Works
2.1. Few-Shot Learning

Few-shot learning (FSL) aims to train deep learning models with strong generalization
ability using only a small number of labeled samples. It is widely applied in data-scarce
scenarios such as action recognition, image classification, and medical diagnosis. Most FSL
approaches can be broadly categorized into three paradigms: memory-based, optimization-
based, and metric-based methods.

Memory-based methods introduce an external memory to store and reuse knowledge
across tasks, alleviating the lack of labeled samples in the current task. MM-Net [17]
integrates a differentiable memory module with a matching-network architecture, enabling
the model to quickly retrieve task-relevant representations learned from previous episodes
when adapting to new tasks.

Optimization-based methods design learning procedures or model structures tailored
to the few-shot setting, allowing rapid parameter adaptation from only a few labeled
examples. MetaNODE [18] treats class prototypes as optimizable variables and models
their evolution with neural ordinary differential equations, so that class centers can be
updated efficiently and flexibly.

Metric-based methods perform matching between support and query samples by
learning a discriminative embedding space together with an appropriate distance metric.
Prototypical Networks [19] construct a prototype vector for each class and embed query
instances into the same feature space. Classification is then performed by measuring
Euclidean distances between the query features and class prototypes, which facilitates
recognition of unseen classes.

2.2. Few-Shot Action Recognition

Few-shot action recognition (FSAR) is an important few-shot learning (FSL) task
in video understanding. Its goal is to recognize novel action classes when only a few
labeled support examples are available. Because video annotation is expensive and class
distributions are often unbalanced, FSAR has attracted increasing attention in recent years.
Most existing methods adopt metric learning, where a shared feature space and a similarity
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measure are learned for support–query matching in episodic training and knowledge
transfer to novel classes [20,21].

Temporal modeling is the core of FSAR, and many existing methods improve support–
query matching through temporal alignment or structured spatiotemporal modeling.
TRX [22] uses tuple-level matching to reduce the impact of temporal shifts and speed
differences. TRX-IDP [23] further introduces an image difference pyramid to capture finer
temporal changes. HyRSM [24] and TA2N [25] adopt staged alignment to reduce mis-
matches caused by variations in action duration and tempo. OTAM [26] employs dynamic
time warping (DTW) for sequence alignment to achieve more structured temporal match-
ing. TEAM [27] explores an alignment-free matching paradigm without requiring explicit
temporal correspondence. FTAN [28] studies frame-to-frame alignment and temporal cyclic
shift, thereby improving robustness to temporal inconsistency.

Improving feature quality is also important for reliable similarity computation.
STRM [15] combines local patch cues and global frame context to learn more discriminative
features with limited labels. MoLo [16] uses multi-scale contrastive learning to connect
global semantics with local motion cues, which improves class separation. FICAMA [29]
uses adaptive metric aggregation to make similarity scores more stable. TSA-MLT [30]
adds task-specific alignment and multi-level temporal feature learning to describe complex
action dynamics better.

Although the aforementioned methods have achieved remarkable progress in FSAR,
several challenges remain. On the one hand, existing spatio-temporal representation
learning often struggles to jointly preserve fine-grained local cues and capture long-range
global dynamics, especially under strong background clutter or pronounced long-term
temporal evolution. On the other hand, suppressing interference from cross-class similar
segments is still inadequate: highly similar yet semantically different sub-sequences, as
well as background cues, may yield misleading high-similarity responses, thereby distort-
ing support–query similarity distributions and inducing mismatches during fine-grained
comparison. These observations highlight the need for stronger temporal change modeling,
more adaptive local–global feature integration, and interference-aware similarity learning
with adaptive distance calibration.

3. Method
To enhance the modeling capability and discriminative performance of few-shot action

recognition in complex spatio-temporal scenarios, we propose a bidirectional adaptive
spatiotemporal modeling method integrated with contrastive learning. As illustrated in
Figure 1, our method follows the episodic meta-learning setting defined in Section Problem
Formulation, using subsequence-level units as the basic modeling elements. The Attention-
Guided Inter-Frame Differencing Mechanism (AGID) and Local–Global Interactive Channel
Attention Module (LGICA) collaboratively capture global and local dynamics from bidi-
rectional differential features. Furthermore, the DACM module refines mutual similarity
estimation and contrastive learning between support and query sets, thereby strengthening
the model’s ability to capture complex temporal dynamics and distinguish fine-grained
action categories.

For each input video sequence, we follow the sparse temporal sampling strategy
of TSN [31] to sample T frames from each video. The support set is represented as
S = {S1, S2, . . . , ST}, and the query set as Q = {Q1, Q2, . . . , QT}. Each frame in both
the support and query sets is processed by a feature extraction network to obtain frame-
level features.
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Figure 1. Overall framework of our method.

3.1. Attention-Guided Inter-Frame Differencing Mechanism.

To better capture subject motion during action execution and reduce interference
from irrelevant regions in traditional frame differencing models, we propose an Attention-
Guided Inter-Frame Differencing Mechanism (AGID). As shown in Figure 2, AGID ex-
tends traditional frame differencing by incorporating inter-frame attention, enabling the
differencing computation to be semantically guided, thereby focusing more on action-
relevant regions.
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Figure 2. Illustration of the Attention-Guided Inter-Frame Differencing Mechanism.

In particular, AGID models the semantic relationship between the current and neigh-
boring frames using an inter-frame attention mechanism, thereby enhancing the semantic
consistency between adjacent frame features. Given the input feature sequence

Fm =
[

fm(1), fm(2), . . . , fm(T)
]
, (1)

where fm(τ) denotes the feature representation of the τ-th frame and T is the sequence
length, AGID models the semantic relationship between adjacent frames using two guiding
branches: the forward guidance branch generates queries from the current frame features
and keys and values from the neighboring frame features. By calculating the inter-frame
attention weights for τ → τ + 1, the neighboring frame features are weighted and recon-
structed, yielding the semantically enhanced next-frame feature f̂m(τ + 1). The backward
guidance branch symmetrically models attention from τ + 1 → τ, producing a semantically
enhanced version of the current frame feature, denoted as f̂m(τ).

To alleviate unstable differencing responses caused by minor spatial inconsistency
between adjacent frames, AGID introduces a depthwise separable convolution operator
δ(·) after differencing as a lightweight local filtering step. Rather than performing explicit
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spatial alignment, this operation acts as a local filtering step that aggregates neighborhood
responses and suppresses isolated noisy activations, thereby improving the stability of
the differenced features. The forward differencing describes the dynamic change from
τ → τ + 1, while the backward differencing captures the dynamic change from τ + 1 → τ,
defined as follows:

DFf = δ
(

f̂m(τ + 1)− fm(τ)
)
, DFb = δ

(
f̂m(τ)− fm(τ + 1)

)
. (2)

where DFf and DFb represent the attention-guided forward- and backward-differenced
features, respectively. As complementary bidirectional dynamic cues, they are fed into later
spatiotemporal modules for fusion. This helps the model better capture action changes
over time and semantic relations between frames.

3.2. Local–Global Interactive Channel Attention Module

Different channels respond to motion in different ways. Some channels react more to
short, local changes, while others focus more on global action semantics over time. Based on
this, we introduce the Local–Global Interactive Channel Attention (LGICA) module on top
of bidirectional difference features. Unlike a simple parallel combination of local and global
branches, LGICA explicitly models the interaction between local channel dependencies
and global channel context, thereby providing more discriminative channel guidance for
later spatial attention.

As shown in Figure 3, LGICA takes the forward differenced feature DFf ∈ RC×H×W

as input, where C is the number of channels and H, W are the spatial sizes. We first
apply global average pooling to compress spatial information and obtain a channel-wise
descriptor vector G f

n . This vector reflects the overall response strength of each channel in
the current differenced feature while preserving channel discrimination.
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𝜃
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Figure 3. Illustration of the Local–Global Interactive Channel Attention Module.

LGICA constructs two complementary branches for local and global channel modeling.
In the local branch, we apply a 1D convolution along the channel dimension to the pooled
channel descriptor G f

n to aggregate nearby channels and produce G f
lc. The global branch

applies a 2D convolution directly to the differenced feature DFf to capture broader channel
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context, and the resulting feature is further compressed by global average pooling to obtain
the global channel representation G f

gc.
Importantly, the effectiveness of LGICA does not come from directly concatenating or

simply summing these two branches. Instead, the interplay between the local and global
channel representations is explicitly modeled via cross-correlation:

A = G f
gc ·

(
G f

lc

)⊤
. (3)

where A measures the degree of alignment between channels based on the global and local
channel representations. By jointly leveraging A and its transpose A⊤, we perform row-
wise summation on A to extract row-vector information and on A⊤ to extract column-vector
information, which are then used to derive the global channel attention weights

(
G f

gc

)W

and the local channel attention weights
(

G f
lc

)W
. During attention fusion, a learnable factor

θ is introduced and combined with the sigmoid activation σ(·) to adaptively weight the
two channel attention terms, producing the final fused channel weights W:

W = σ

(
σ(θ)× σ

((
G f

gc

)W
)
+ (1 − σ(θ))× σ

((
G f

lc

)W
))

. (4)

In this way, LGICA can recalibrate channel responses more effectively by jointly considering
short-range local motion variations and broader global action semantics, rather than relying
on a simple dual-branch aggregation scheme. The fused channel weights are then utilized
to recalibrate the input forward differential feature, i.e., to adjust the channel-wise responses
of the feature map:

DF∗
f = W ⊙ DFf , (5)

where DF∗
f denotes the channel-enhanced forward-differenced feature, and ⊙ denotes

element-wise multiplication, which enhances discriminative channel responses that are
closely related to action variations.

The channel-enhanced forward-differenced feature is further used for spatial attention
modeling. Applying a Softmax operation over the spatial dimension yields the forward
spatial attention map SFM, which captures the spatial saliency distribution of forward
motion variations. The backward spatial attention map SBM is obtained in the same
manner from the backward-differenced feature; due to the symmetric design, we omit the
repeated description.

Finally, the forward and backward spatial attention maps jointly participate in spatio-
temporal feature fusion to produce the enhanced representation:

TFm = λ
(
SFM + SBM

)
δ(Fm) + Fm, (6)

where λ is a learnable coefficient that balances the contributions of the original and en-
hanced features.

3.3. Dynamic Distance Adjustment Contrastive Learning Module

In few-shot action recognition, different classes often contain numerous subsequences
that are locally similar in appearance yet semantically distinct. Such interference is par-
ticularly prominent during tuple-level matching, leading the model to misclassify local
similarity as class consistency. To address this issue, we develop a Dynamic Distance Ad-
justment Contrastive Learning Module (DACM) on top of the TRX framework. By explicitly
introducing intra-class and inter-class structural constraints together with contrastive
learning, DACM alleviates confusion caused by cross-class similar sub-sequences.
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Specifically, as illustrated in Figure 4, after frame-level feature extraction and temporal
grouping, we represent a query video as a set of query tuples: {TFqt1 , TFqt2 , . . . , TFqtL},
where L denotes the number of query tuples. Each tuple TFqti ∈ Rω×d corresponds to a
local temporal segment composed of ω frames, and d is the feature dimension. Similarly,
let TFc,j

st denote the j-th support tuple from class c. We first compute the base tuple-level
distance between the i-th query tuple and the j-th support tuple from class c:

Dc
i,j = d

(
TFqti , TFc,j

st

)
, (7)

𝑇𝐹q𝑡𝑖

𝑇𝐹𝑠𝑡
𝑐 ,𝑗

Class c

𝑆𝑖,𝑗
𝑐

…

𝑇𝑠𝑡𝑗
𝑐

…

T𝑠𝑡𝑘
𝑐′

Sim

𝑆𝑖,𝑘
𝑐′

𝐷𝑖 ,𝑗
𝑐

In-class Support tuples Query tuple Out-of-class Support tuples

𝐷𝑖 ,𝑗
𝑐

Figure 4. Illustration of the Dynamic Distance Adjustment Contrastive Learning Module. Colored
squares denote similarity responses, while blue and orange bars denote in-class and out-of-class
support tuples, respectively.

To incorporate class-level structural information, we further define two class-aware
reference distances for the query tuple TFqti with respect to class c. The first is the intra-
class mean distance at the tuple level, where Sc denotes the set of indices of support tuples
extracted from the support video(s) of class c. This term measures the average distance
from the query tuple to all support tuples in class c, rather than to other videos of the same
class. Therefore, even in the N-way 1-shot setting, D̄ c

intra(i) remains well-defined, since
multiple temporal tuples can still be extracted from the single support video of class c:

D̄ c
intra(i) =

1
|Sc| ∑

j∈Sc

Dc
i,j, (8)

The second is the inter-class reference distance, which measures the smallest distance
from the query tuple to support tuples belonging to any non-target class:

D̄ c
inter(i) = min

c′ ̸=c
min
k∈Sc′

Dc′
i,k, (9)

Based on these two quantities, we define the dynamically adjusted distance for the
j-th support tuple in class c as

D̃ c
i,j = Dc

i,j + α D̄ c
intra(i)− β D̄ c

inter(i), (10)

where α and β are hyperparameters controlling the contributions of the intra-class tuple
aggregation term and the inter-class separation term, respectively. We use the class-wise
mean for the intra-class term to reflect the overall consistency of the target class, while the
minimum cross-class distance is used to capture the most confusing non-target competitor.
In this way, the tuple-level distance is calibrated not only by the candidate support tuple
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itself, but also by the overall structural relationship between the query tuple and the
support classes.

Subsequently, we define the target-class similarity as Sc
i,j = −D̃ c

i,j, so that a smaller
adjusted distance corresponds to a larger similarity. The support tuple with the highest
similarity in the target class is then selected as the positive sample for contrastive learning.
Accordingly, we construct the positive-class support representation Tc

sti
, where Tc

sti
denotes

the support representation from the target class that best matches TFqti .
Interference from similar sub-sequences often arises from negative-class segments

that appear even more similar than positive samples. Therefore, DACM explicitly mines
highly similar negative samples. For any non-target class c′ ̸= c, we compute the cross-class
similarity between the i-th query tuple and the k-th support tuple from class c′ as

Sc′
i,k =

〈
ϕcls

(
TFqti

)
, ϕcls

(
TFc′

stk

)〉
, (11)

where ϕcls(·) denotes the projection head and ⟨·, ·⟩ is the inner product. We treat the support
tuple as a highly similar negative sample if

Sc′
i,k > max

j∈Sc
Sc

i,j. (12)

When the above condition holds, we construct the negative-class support representa-
tion Tc′

stk
, where Tc′

stk
denotes the highly similar support representation from the non-target

class c′. It explicitly constrains cross-class interference that is “more similar than the positive
class,” encouraging the model to enlarge the discriminative margin on the most confusing
sub-sequences.

Based on the constructed positive-class support representation Tc
sti

and the negative-

class support representation Tc′
stk

, DACM is optimized with a contrastive learning loss over
the query tuples:

LDACM = − 1
L

L

∑
i=1

log
maxj∈Sc

(
Sc

i,j

)
maxj∈Sc

(
Sc

i,j

)
+ ∑c′ ̸=c maxk∈Sc′

(
Sc′

i,k

) . (13)

This loss encourages higher matching scores between query tuples and the positive class
while suppressing matching responses to highly similar negatives, alleviating the impact of
cross-class similar sub-sequences on recognition accuracy. Finally, the DACM loss is jointly
optimized with the original TRX loss, and the overall objective is formulated as:

L = LTRX + µ · LDACM, (14)

where µ is a loss weighting coefficient that balances the relative contributions of the
classification objective and the contrastive constraint during training.

4. Experiments
4.1. Dataset

We conduct experiments on three representative public action recognition datasets to
evaluate the proposed method. UCF101 [32] has 101 action classes with 13,320 videos. The
scenes are relatively clean, and the classes are easier to separate, so it is a common bench-
mark for few-shot action recognition. HMDB51 [33] includes 51 daily-action categories
with approximately 6766 videos collected from real-world footage. Due to frequent blur
and occlusions, it is widely used to assess model robustness. Something-Something V2 [34]
consists of 174 fine-grained action categories dominated by hand–object interactions, cov-
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ering over 168,000 short clips. It emphasizes temporal dependencies and subtle semantic
differences, and is widely adopted for action recognition and video understanding studies.
Figure 5 presents example action instances from the three datasets.

(b) HMDB51

(a) UCF101

(c) Something-Something V2

Figure 5. Example category images from three representative few-shot action recognition datasets:
(a) UCF101, (b) HMDB51, and (c) Something-Something V2.

4.2. Experimental Setup

To ensure fair comparison, we use ResNet-50 as the feature extractor. All experi-
ments are implemented using PyTorch v2.3.1 with CUDA v11.8 on an NVIDIA GeForce
RTX 5090 D GPU. For each video, we uniformly sample T = 8 segments and resize each
frame to 224 × 224. We set the learning rate to 2 × 10−4 and the batch size to 16, with
α = β = 0.3 and the loss weight µ = 0.2. We evaluate our method on UCF101, HMDB51,
and Something-Something V2, focusing on the 5-way 1-shot and 5-way 5-shot few-shot
action recognition settings. To reduce the influence of randomness and improve repro-
ducibility, all experiments are repeated over three independent runs with different random
seeds, and the reported results are given as mean accuracy ± standard deviation. Dur-
ing these runs, the network architecture, input resolution, sampled frame number, and
optimization settings remain unchanged, and only the random seed is varied.

4.3. Ablation Experiments

We conduct ablation studies on AGID, LGICA, and DACM using two benchmark
datasets: UCF101 and HMDB51. We use TRX as the baseline. We evaluate each module
alone, and we also evaluate the full model with all modules. These experiments examine
how each module affects temporal modeling and spatiotemporal feature learning.

4.3.1. Validation of AGID and LGICA

Table 1 reports the ablation results for AGID and LGICA. Both modules are individ-
ually effective, with each bringing clear improvements over the baseline. AGID mainly
enhances temporal difference modeling, whereas LGICA refines channel-level feature rep-
resentation. Although the marginal gain from combining the two modules is relatively
modest in some settings, their joint use still achieves the best overall results across both
datasets, indicating a complementary but not strongly additive relationship.
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Table 1. Ablation study of AGID and LGICA (accuracy, %).

Method
UCF101 HMDB51

1-Shot 5-Shot 1-Shot 5-Shot

Baseline (TRX) 77.3 96.1 52.9 75.6
+ AGID 83.2 96.9 57.4 76.8
+ LGICA 83.5 97.0 57.5 77.2
+ AGID + LGICA 84.0 97.2 57.6 78.0

4.3.2. DACM Validity Verification

Table 2 reports the ablation results for DACM. The results show that DACM improves
discrimination between confusing action classes by reducing the influence of cross-class
similar sub-sequences during tuple-level matching. When DACM is combined with AGID,
the performance is further improved, indicating that reliable temporal difference modeling
and interference-aware similarity learning are complementary.

Table 2. Ablation study of DACM (accuracy, %).

Method
UCF101 HMDB51

1-Shot 5-Shot 1-Shot 5-Shot

Baseline (TRX) 77.3 96.1 52.9 75.6
+ DACM 83.0 96.5 56.8 76.9
+ AGID + DACM 84.0 97.2 57.6 78.1
+ AGID + LGICA + DACM 84.3 97.4 57.8 78.8

4.3.3. Validation of the δ Operation in AGID

To further validate the effectiveness of the δ operation in AGID, we compare the full
AGID with a variant without δ while keeping the inter-frame attention guidance unchanged.
The results are reported in Table 3.

Table 3. Ablation study of the δ operation in AGID (accuracy, %).

Method
UCF101 HMDB51

1-Shot 5-Shot 1-Shot 5-Shot

Baseline (TRX) 77.3 96.1 52.9 75.6
+ AGID without δ 82.9 96.7 56.9 76.5
+ Full AGID 83.2 96.9 57.4 76.8

As shown in Table 3, removing the δ operation leads to lower performance across all
settings. This indicates that δ contributes positively to AGID by improving the stability of
the differenced features. Therefore, δ is better understood as a lightweight local filtering
step rather than an explicit motion compensation mechanism.

4.3.4. DACM Hyperparameter Analysis

To evaluate the impact of the intra-class compactness factor α and the inter-class
separability factor β in DACM, we conduct a hyperparameter analysis under the baseline
(TRX) + DACM setting, and the results are reported in Table 4. We observe that moderately
increasing α and β generally improves performance, with the best result achieved at α = 0.3
and β = 0.3.
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Table 4. Hyperparameter analysis with DACM only (accuracy, %).

α β
UCF101 HMDB51

1-Shot 5-Shot 1-Shot 5-Shot

– – 77.3 (Baseline) 96.1 52.9 75.6
0.1 0 80.5 96.2 54.1 76.0
0.3 0 81.7 96.3 54.7 76.5
0.3 0.1 82.4 96.3 56.2 76.5
0.3 0.3 83.0 96.5 56.8 76.9
0.5 0.3 82.9 96.3 57.0 76.7
0.5 0.5 82.4 96.4 56.6 76.3

4.3.5. DACM Component Ablation

To further analyze the contribution of each component in DACM, we separate it into
two parts: dynamic distance adjustment (Equation (10)) and the contrastive constraint
(Equation (13)). We conduct ablation experiments under the same training and evaluation
settings as the TRX baseline, and report the results in Table 5. Enabling only dynamic
distance adjustment calibrates tuple-level distances by incorporating intra-class compact-
ness and inter-class separation, which helps reduce matching bias caused by cross-class
similar sub-sequences. Enabling only the contrastive constraint focuses on hard nega-
tives and strengthens separation between classes, further suppressing interference from
highly similar cross-class segments. When both components are enabled, DACM achieves
the best performance on both datasets under 1-shot and 5-shot settings, suggesting that
distance-level calibration and contrastive objectives complement each other.

Table 5. Ablation study of DACM components. Distance Adjustment indicates that only the dynamic
distance adjustment in Equation (10) is enabled, Contrastive Constraint indicates that only the
contrastive constraint in Equation (13) is enabled, and DACM indicates that both components
are enabled. Except for the listed components, all other training and evaluation settings are kept
identical to the TRX baseline. ✓/× denote whether a component is enabled/disabled, respectively
(accuracy, %).

Distance Contrastive UCF101 HMDB51
Adjustment

(Equation (10))
Constraint

(Equation (13)) 1-Shot 5-Shot 1-Shot 5-Shot

× × 77.3 96.1 52.9 75.6
✓ × 81.5 96.2 54.8 76.2
× ✓ 81.0 96.2 55.6 76.1
✓ ✓ 83.0 96.5 56.8 76.9

4.3.6. Analysis of the Impact of the Number of Sampled Frames

To examine how the number of sampled frames affects performance, we conduct
experiments on the UCF101 dataset under a 5-way 1-shot setting. Using the same segment-
based sampling protocol as in Section 3, we uniformly sample 2 to 10 frames from each
video and feed them into the model for evaluation. As shown in Figure 6, the classification
accuracy generally increases as more frames are provided. The performance improves
steadily from two to eight frames, reaching its peak at eight frames. When the number
of frames is further increased (e.g., to 9 or 10), the accuracy slightly drops, suggesting
that an appropriate frame count (e.g., 8) allows the model to better exploit spatiotemporal
information for optimal performance.
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Figure 6. Impact of different numbers of input frames on UCF101.

4.4. Comparative Experiments
4.4.1. Comparison Between AGID and Conventional Frame Differencing

To validate the contribution of AGID, we compare it with conventional frame differ-
encing under the same training configuration. Conventional frame differencing directly
computes the differences between adjacent frame features. AGID incorporates inter-frame
attention as semantic guidance, thereby suppressing background noise and improving
the consistency and discriminability of the differenced features. As shown in Table 6,
adding conventional frame differencing to the baseline improves accuracy on both datasets,
confirming the usefulness of modeling frame-to-frame changes. When we replace it with
AGID under the same setting, accuracy increases again, indicating that inter-frame semantic
guidance yields more stable and informative motion representations for recognition.

Table 6. Comparison between AGID and conventional frame differencing (accuracy, %).

Method
UCF101 HMDB51

1-Shot 5-Shot 1-Shot 5-Shot

Baseline (TRX) 77.3 96.1 52.9 75.6
+ Difference (naïve) 82.1 96.3 54.8 76.0
+ AGID 83.2 96.9 57.4 76.8

4.4.2. Comparison of LGICA with Other Attention Mechanisms

To evaluate whether LGICA is more effective than existing attention modules, we keep
all other training and evaluation settings unchanged and replace LGICA with SE, CBAM,
and ECA for comparison. As shown in Table 7, LGICA achieves the best performance on
both UCF101 and HMDB51 under the 1-shot/5-shot settings, consistently outperforming
SE, CBAM, and ECA.

Specifically, SE relies on global-average-pooled channel statistics and a bottleneck
structure to generate channel weights. Due to the strong compression, it may weaken
fine-grained dynamic cues, leading to limited gains in the 1-shot setting and even a slight
performance drop. CBAM introduces an additional spatial branch, but its channel and
spatial attention are typically applied sequentially. Their interaction is relatively weak, and
the multi-scale modeling of channel relationships is also limited. ECA generates channel
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weights via local cross-channel interactions without dimensionality reduction. It yields
more stable improvements on both datasets, suggesting that preserving channel details
can be beneficial. However, it mainly focuses on local channel neighborhoods and lacks
explicit interaction modeling between local channel dependencies and global channel
context. In contrast, LGICA explicitly captures the interaction between local channel
relations and global channel information through cross-correlation, thereby providing more
discriminative channel guidance for highlighting action-relevant features and suppressing
redundant responses.

Table 7. Replacement comparison of LGICA with SE/CBAM/ECA (accuracy, %).

Method
UCF101 HMDB51

1-Shot 5-Shot 1-Shot 5-Shot

Baseline (TRX) 77.3 96.1 52.9 75.6
+ SE 76.8 96.3 52.5 75.7
+ CBAM 79.4 96.6 53.7 76.2
+ ECA 81.2 96.7 55.2 76.9
+ LGICA 83.5 97.0 57.5 77.2

4.4.3. Comparison with Representative Methods

Table 8 compares BiASTM-CL with representative few-shot action recognition methods
on UCF101, HMDB51, and SSV2 under the standard 5-way 1-shot and 5-shot settings. For
BiASTM-CL, the results are reported as mean accuracy together with the standard deviation.
Under the 5-shot setting, BiASTM-CL achieves 97.4% ± 0.2% on UCF101, 78.8% ± 0.3%
on HMDB51, and 61.7% ± 0.4% on SSV2. Under the 1-shot setting, it achieves 84.3% ±
0.4%, 57.8% ± 0.5%, and 38.8% ± 0.6%, respectively. These results show that BiASTM-CL
achieves the best performance on all three datasets under the 5-shot setting while remaining
competitive under the 1-shot setting. Overall, these results demonstrate the effectiveness
and statistical stability of BiASTM-CL.

Table 8. Comparison with representative few-shot action recognition methods. The best results are
highlighted in bold. * denotes TRX and its subsequent variants. For our proposed BiASTM-CL, the
results are reported as mean ± standard deviation.

Method
UCF101 HMDB51 SSV2

1-Shot 5-Shot 1-Shot 5-Shot 1-Shot 5-Shot

OTAM [26] 79.9 88.9 54.5 66.1 36.4 48.0
TA2N [25] 81.9 95.1 59.7 73.9 – –
MoLo [16] 86.0 95.5 60.6 77.3 41.9 56.2
HyRSM [24] 83.9 94.7 60.3 76.0 40.6 56.1
HCL [13] 82.5 93.9 59.1 76.3 38.7 55.4
SloshNet [35] 86.0 97.1 59.4 77.5 – –
TEAM [27] 87.2 96.2 62.6 78.4 43.8 58.2

TRX * [22] 77.3 96.1 52.9 75.6 36.0 59.1
TRX-IDP * [23] – 96.3 – 76.5 – –
STRM * [15] 79.2 96.9 54.1 77.3 37.1 55.3
TSA-MLT * [30] 80.6 97.1 57.9 78.2 37.2 55.3
BiASTM-CL * (ours) 84.3 ± 0.4 97.4 ± 0.2 57.8 ± 0.5 78.8 ± 0.3 38.8 ± 0.6 61.7 ± 0.4

4.4.4. Analysis of Parameters, FLOPs, and Inference Time

To evaluate the practical efficiency of our BiASTM-CL, we compare it with representa-
tive few-shot action recognition methods in terms of parameter count, FLOPs, and inference
time in Table 9.
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Table 9. Comparison of practical efficiency with representative few-shot action recognition methods
under the 5-way 1-shot setting.

Method Params (M) FLOPs (G) Inference Time (ms)

OTAM 25.6 198 112.4
TRX 47.1 205 96.3
STRM 45.5 201 108.6
BiASTM-CL (ours) 51.3 213 103.7

As shown in Table 9, our method requires 51.3 M parameters and 213 G FLOPs.
Compared with TRX and STRM, BiASTM-CL introduces only a moderate increase in model
complexity. Meanwhile, the reported inference time remains comparable, suggesting that
the proposed method maintains practical efficiency.

4.4.5. Visualization Analysis

Under the 5-way 5-shot setting, Figure 7 shows two confusion matrices. Each matrix
exhibits a strong diagonal dominance, indicating that the model can still separate classes
well under few-shot evaluation. The off-diagonal values are not widely dispersed across
many classes; instead, most errors are concentrated in confusions between a small set of
visually similar categories. Moreover, the diagonal values are relatively consistent across
classes with only small variations, suggesting that the model does not show a strong bias
toward any single class. Overall, the confusion matrices follow the accuracy trends reported
in the tables and further support the stability and reliability of the model’s predictions.
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Figure 7. Confusion matrices on HMDB51 and UCF101 under the 5-way 5-shot setting.

To examine whether the model can focus on key frames and fine-grained regions
when visually similar actions differ semantically, we visualize attention heatmaps on two
representative sequences and compare the results with those of TRX and STRM. Figure 8
shows the comparison for a golf swing sequence.

Figure 9 further presents the attention heatmap comparison for a baseball hitting
sequence.

The two sets of heatmaps indicate that BiASTM-CL forms a continuous hotspot aligned
with the downswing arc and the impact frame in the golf case, while in the baseball case the
attention converges along the horizontal hitting direction to fine-grained regions such as
the hand and bat head. Compared with TRX/STRM, our method exhibits less inter-frame
jitter, sharper (narrower) peaks, and lower responses to background clutter (e.g., distant
scenery or the net). By capturing the semantic difference pattern of “arc vs. horizontal”
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while maintaining coordination between fine details and global structure, our approach
demonstrates more stable discriminability on this pair of visually similar actions.

(a) Category：golf

(b) TRX

(c) STRM

(d) Ours

Figure 8. Visual comparison of attention heatmaps for a golf swing. Our method exhibits high
responses that continuously shift along the “arm–club head–downswing arc” and align with the
impact frame, while maintaining low responses to the distant background; TRX/STRM show peak
delays, inter-frame drift, or background attraction.

(a) Category：swing_baseball

(b) TRX

(c) STRM

(d) Ours

Figure 9. Attention heatmap comparison for a baseball hitting sequence. Our model produces
band-like hotspots along the horizontal hitting direction and suppresses interference from highly
textured backgrounds (e.g., surrounding netting). In contrast, the two baselines yield more diffuse
responses with less emphasis on key regions.

5. Conclusions
We propose a few-shot action recognition framework that integrates bidirectional

adaptive spatiotemporal modeling with contrastive learning. The proposed framework is
designed to capture local motion variations and global semantic relationships in videos
under limited labeled data. It consists of three main components: Attention-Guided Inter-
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Frame Differencing (AGID), Local–Global Interactive Channel Attention (LGICA), and
Dynamic Distance-Adjusted Contrastive Learning (DACM). AGID improves temporal
consistency through inter-frame attention, LGICA enhances representation quality by
jointly modeling local and global channel relations, and DACM refines similarity estimation
by reducing interference from similar sub-sequences.

Experimental results on UCF101, HMDB51, and SSV2 show that the proposed method
achieves the best performance under the 5-shot setting while remaining competitive under
the 1-shot setting. Ablation studies further verify the effectiveness of AGID, LGICA,
and DACM.

Overall, the proposed method provides an effective and efficient solution for few-
shot action recognition, demonstrating that the combination of spatiotemporal feature
refinement and contrastive learning is beneficial for this task.
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