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Abstract

Fine-grained action recognition faces challenges of subtle inter-class differences and
significant intra-class variations in complex real-world scenarios. Existing methods are
often limited by insufficient feature representation capabilities of single modalities or
redundant computational costs. In this paper, we propose a Multimodal Feature Col-
laboration and Fusion framework to achieve efficient recognition through cross-modal
guided spatial and temporal modeling. For the RGB modality, skeleton joint coordinates
collaboratively localize and crop action regions to suppress background noise, and design
a lightweight Spatio-Temporal Attention and Aggregation (STAA) that combines short-
term motion excitation and long-term temporal modeling to enhance feature extraction
efficiency and accuracy. For the skeleton modality, we propose a Class-aware contrastive
learning that dynamically selects high-similarity samples to optimize feature discrimina-
tive boundaries. Finally, a score-weighted fusion strategy integrates the optimized repre-
sentations from both modalities. Experiments on the FineGym and NTU RGB+D bench-
marks demonstrate impressive performance improvements over state-of-the-art methods.

1 Introduction
Fine-grained human action recognition is a core field of computer vision with intelligent
surveillance, sports analysis, and human-computer interaction [27, 46, 50, 56]. With the
increasing requirement for understanding specific actions in real-world applications, fine-
grained action recognition has gradually become a research focus. The researchers have
proposed a variety of self-supervised and unsupervised methods [24, 39, 54, 58, 61] to mine
semantic information inherent in the data. However, distinguishing visually or kinemati-
cally similar actions is critical but challenging, due to subtle inter-class differences and large
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Figure 1: Comparison of a single RGB modality and our multimodal collaboration and fusion
framework integrating RGB and skeletaon data.

intra-class variability. This subtle differentiation is critical for many practical applications.
Similar to fine-grained visual classification [8, 18, 38, 55], where categories are highly sim-
ilar and distinguished by subtle and localized cues, fine-grained action recognition faces
analogous challenges. Reliance on single-modality data, such as RGB videos or skeleton
data alone, often limits recognition performance. RGB videos offer rich context but suffer
from background noise, while skeleton data capture accurate joint kinematics but omit object
interactions.

To address these limitations, researchers have adopted the multimodal strategy to ex-
ploit the strengths of RGB and skeleton data [1, 6, 32]. These two modalities exhibit com-
plementarity. However, previous methods typically employ concatenation-based network
components to facilitate feature fusion [28], overlooking data-level complementarity. More-
over, existing methods typically employ single-modality networks for multimodal modeling
without implementing targeted optimization for each modality-specific branch, leading to
suboptimal performance and computational redundancy.

To overcome these challenges, this paper propose a Multimodal Feature Collaboration
and Fusion approach in which we optimize feature extraction for both RGB and skele-
ton modalities and enhance fine-grained action recognition through collaborative and fu-
sion strategies. For the RGB modality, we employ skeleton-guided video region cropping
to achieve multimodal collaboration, using joint coordinates to locate and crop key mo-
tion regions and suppress background noise. We then introduce a Spatio-Temporal Atten-
tion and Aggregation (STAA) that concurrently extracts short-term and long-term features,
thereby capturing comprehensive motion dynamics. For the skeletal modality, we adopt a
class-aware contrastive learning that dynamically selects samples from similar categories for
training, strengthening the model’s ability to discriminate among analogous actions. Build-
ing on these optimized representations, we apply a weighted score fusion strategy, assigning
weights according to each modality’s recognition confidence to integrate complementary in-
formation. Moreover, to reduce computational cost, we compress the RGB videos into a
smaller sequence of frames prior to feeding it into the backbone network, minimizing input
data while maintaining an optimal balance between recognition performance and efficiency.

The contributions of this paper can be summarized as follows:
1. We propose a lightweight spatio-temporal feature extraction approach (STAA), where

the short-term module focuses on motion regions while the long-term module aggregates
temporal features, effectively expanding the receptive field to capture richer features.

2. We present a multimodal fusion method that integrates RGB and skeleton features to
exploit their complementary information. We leverage STAA to enhance spatio-temporal
feature extraction and employ contrastive learning to bolster the model’s discriminative
power. Finally, a weighted fusion strategy is used to achieve the optimal score.
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3. By integrating the above methods with skeleton-guided RGB cropping, we construct
our entire network framework, achieving competitive performance on two large action recog-
nition datasets.

2 Related Works

2.1 Video Action Recognition

With the remarkable success of deep learning methods [16, 20, 22, 29, 36] in RGB-based
recognition tasks, researchers have begun exploring the application of deep networks to
video action recognition. Simonyan et al. [46] uses parallel spatial RGB flow and temporal
optical flow streams, fusing their scores to significantly boost action recognition accuracy.
Feichtenhofer et al. [22] employ cross-stream multiplicative connections at multiple convo-
lutional layers to merge RGB and flow features, enabling mutual reinforcement of shallow
and deep representations. Diba et al. [16] extend all convolutions and pooling into the spatio-
temporal domain and introduce a Temporal Transition Layer (TTL) that learns variable-depth
temporal kernels to flexibly capture motions of different durations. While deep architectures
can capture complex spatio-temporal patterns, they often come with heavy computational
burden. To alleviate this, Temporal Segment Network (TSN) [51] divides a video into a
fixed number of segments, sparsely samples one or a few frames per segment, and applies
a lightweight CNN to extract local temporal representations, dramatically reducing infer-
ence cost. In contrast, our method achieves higher recognition accuracy with even lower
computational overhead.

2.2 Skeleton Action Recognition

Skeleton data contains critical information for action recognition. Common methods [10,
12, 35, 45, 57, 63] employ Graph Convolutional Networks (GCN) to model spatio-temporal
dependencies. Yan et al. [57] propose a spatial-temporal graph convolutional network(ST-
GCN) that builds fixed skeleton graphs and applies GCN over spatio-temporal dimensions.
Shi et al. [45] design a two-stream adaptive GCN that models joint and bone information,
using data-driven edge importance weighting to better capture motion patterns. Chen et
al. [10] propose CTR-GCN that introduces dynamic channel-wise skeleton topology learn-
ing, enabling fine-grained joint dependency reasoning for each channel to surpass previous
methods. To enrich pose details, cross-form attention [53] and hierarchical edge decompo-
sition [30] have been adopted. For distinguishing similar actions, InfoGCN [12] leverages
an information bottleneck principle to derive compact yet semantically rich representations,
and ActCLR [34] uses actionlet-based contrastive learning.

2.3 Multimodal fusion methods

Multimodal approaches [6, 49, 59, 65] enhance action recognition accuracy and robustness
by integrating information from diverse sources. Existing fusion strategies [9, 17, 19, 60]
typically integrate multimodal data during the feature extraction process. Zhu et al. [65] pro-
pose a two-stage fusion framework combining skeleton sequences and RGB frames to cap-
ture complementary features for action recognition. The Model-based Multimodal Network
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(MMNet) [6] employs a model-driven framework to integrate RGB and skeleton modali-
ties, significantly enhancing action recognition accuracy. Most existing methods focus on
feature-level information fusion while neglecting the guiding role of skeleton data at the data
level for video analysis. Our method integrates RGB and skeleton modalities at the input
stage by leveraging skeleton information to localize critical action regions in RGB videos.
The framework further enhances recognition performance by combining modality outputs
using a score fusion scheme.

3 Methodology
Inspired by the Temporal Shift Module (TSM) [33], our method first divides the input RGB
videos into s equal segments and randomly samples several consecutive frames from each
segment. In Section 3.1, we introduce the skeleton-guided cropping strategy, which reduces
background noise by cropping all sampled frames. In Section 3.2, we present the Spatio-
Temporal Attention and Aggregation (STAA) module, which achieves lightweight extraction
of fine-grained action features through short-term motion attention and long-term temporal
aggregation. In Section 3.3, we provide a detailed account of the Class-aware Contrastive
Learning module, in which the GCN is employed to extract skeleton features and the class-
aware sample strategy selects highly similar negative samples to strengthen the model’s dis-
criminative power. In Section 3.4, we merge the RGB and skeleton scores using a weighted
fusion approach to produce the final action recognition scores. The framework is shown in
Figure 2.

3.1 Skeleton-Guided Cropping

To mitigate the interference of background clutter on motion feature extraction, we apply
skeleton-guided cropping. Specifically, let the coordinates of skeleton joints be denoted as
x ∈ X and y ∈ Y . We extract an activity region of width w = max(X)−min(X) and height
h = max(Y )−min(Y ). To preserve action completeness while suppressing background, we
expand both the height and width of the bounding box by α along its dimensions, then clamp
its coordinates to the image borders. The cropping box is uniformly applied across all RGB
frames to highlight motion regions and maintain background consistency.The final cropped
motion region Xregion and Yregion can be expressed as:

Xregion = [max(min(X)−αw,1),min(max(X)+αw,W )], (1)

Yregion = [max(min(Y )−αh,1),min(max(Y )+αh,H)], (2)

where W and H denote the width and height of the original RGB frames.

3.2 Spatio-Temporal Attention and Aggregation (STAA)

The Spatio-Temporal Attention and Aggregation (STAA) module cascades two core compo-
nents: Motion Attention (MA) and Temporal Aggregation (TA). The MA module enhances
localized motion patterns through feature differencing and dynamic channel attention, while
the TA module captures global temporal dependencies via a grouped residual convolutional
chain.
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Figure 2: The framework of our method. The cropped frames are fed into MA and TA for
action prediction. Skeleton datas are input into the GCN for feature extraction, and class-
aware contrastive learning is utilized for classification prediction. Finally, the scores from
both RGB and skeleton datas are merged with fixed weights to produce the multimodal score.

3.2.1 Motion Attention (MA)

The MA module enhances short-term motion information via spatio-temporal modeling. It
extracts motion-sensitive channels via integrates inter-frame difference into spatio-temporal
feature learning. Specifically, the input feature M has a shape of [N,T,C,H,W ], where
N denotes the batch size, T represents the dimension, C indicates the number of feature
channels, while H and W correspond to the spatial height and width respectively. We first
compute inter-frame differences to extract motion features, the motion feature at time t is
computed as:

F(t) = M(t +1)−M(t), 1 ≤ t ≤ T −1, (3)

where F(t) ∈ RN×C×H×W represents the motion feature at time t. Subsequently, the final
motion matrix F is constructed by concatenating all motion features [F(1), ...,F(T )]. The
features are processed through temporal and spatial pooling to condense motion information
and generate attention masks, as shown in Equation 4.

Fmask = σ
(
TemporalPool(SpatialPool(F))

)
, (4)

where Fmask denotes the attention mask, both SpatialPool and TemporalPool correspond to
maxpooling operations, σ is the sigmoid function, and ⊙ indicates element-wise multipli-
cation. Finally, the original features are adaptively weighted through residual connections,
enabling the model to selectively emphasize dynamic motion information while simultane-
ously preserving the semantic integrity of static scenes:

Mmap = M⊙Fmask +φ(M), (5)

where Mmap is the motion map, φ(·) is the original features processed by a 3×3 convolution
and ⊙ represents element-wise multiplication. This architecture effectively reduces compu-
tational overhead through spatio-temporal modeling while preventing excessive suppression
of background context via the residual mechanism.

3.2.2 Temporal Aggregation (TA)

Traditional methods rely on stacked local temporal convolutions to indirectly model long-
range dependencies, but information between distant frames tends to be weakened in deep
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networks. To address this, we propose a Temporal Aggregation (TA) module inspired by
Res2Net [23]. Given an input motion map Mmap, we evenly split its channels into four frag-
ments [v1,v2,v3,v4]. The last three fragments are sequentially processed with 1D depthwise
separable and 2D spatial convolutions. This residual design expands the temporal receptive
field through hierarchical fusion, with earlier outputs progressively fed into later computa-
tions as:

[v1,v2,v3,v4 ] = ChannelSplit(Mmap), (6)

q1 = v1, q2 = Convdep(Convsc(v2)),

q3 = Convdep(Convsc(v3 +q2)), q4 = Convdep(Convsc(v4 +q3)),
(7)

Q = Concat(q1,q2,q3,q4), (8)

where Q is the aggregated feature, q1, q2, q3, q4 are the output of four fragments, ChannelSplit
layer denotes a 1×1 convolution, Convsc denotes a spatial convolution with 3× 3 kernels,
Convdep refers to a depthwise separable convolution, and Concat(·) concatenates its inputs
along the channel axis. TA enhances long-term temporal modeling through a group-wise
residual design, enabling efficient global reasoning for complex actions.

3.3 Class-aware Contrastive Learning
We adopt CTR-GCN [10] as the GCN encoder. Following the method [26], our method inte-
grates the graph contrastive learning into both classification and contrastive phases, yielding
pose and graph features. We extract the graph features G as described in Equation 9:

G = g( f (
Ks

∑
k=1

HWkAk)), (9)

where Ks represents the number of learnable topological subgraphs, Ak is the adjacency ma-
trix of the k-th subgraph, H is the input skeleton sequence, and Wk is the corresponding
weight matrix. The function f represents the GCN encoder, and g denotes the graph projec-
tion head.

3.3.1 Sampling Strategy

To address the challenge of minimal inter-class differences, we introduce the class-aware
sampling strategy to select similar negative samples. Similar to [25], we construct a mem-
ory bank with a first-in-first-out update strategy to store negative sample features, allowing
comparisons across a broader feature space. We calculate pairwise similarity scores and the
mean similarity score hc for each category, as follows:

hc =
1

Mc

Mc

∑
m=1

(
φ(z j) ·φ(zm)

∥φ(z j)∥∥φ(zm)∥
), (10)

where φ(·) represents the feature representation of sample, z j and zm are feature vectors
of the anchor sample and the m-th negative sample from the class c, · is the dot product
operation, ∥ · ∥ is the Euclidean norm, and Mc is the total number of negative samples in
class c.

Based on mean similarity scores, categories are ranked, and the top ones are selected
to sequentially choose Nc negative samples. The strategy prioritizes comparisons between
highly similar samples, encouraging tighter positive clustering and better negative separa-
tion.
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3.3.2 Contrastive Learning Loss

We employ the cross-entropy loss and the InfoNCE loss [40] to jointly optimize the con-
trastive learning process. Cross-entropy loss LCE is used to supervise classification predic-
tions, and InfoNCE loss LNCE is used to bring positive pairs closer while pushing negative
pairs away, as follows:

LCE =−∑
i

pi log p̂i, (11)

where pi is the true label of the i-th class, and p̂i denotes the predicted probability.

LNCE =− log
exp(sim(z,z+)/τ)

exp(sim(z,z+)/τ)+∑
Nc exp(sim(z,z−)/τ)

, (12)

where z is the anchor sample, z+ corresponds to the positive samples sharing the same label
as z, z− refers to the negative samples with different labels, Nc is the total number of negative
samples, τ is the temperature parameter, sim(·,·) is the cosine similarity. The overall loss
function L is defined as:

L= LCE +LNCE, (13)

3.4 Score fusion

We fuse the prediction scores from RGB and skeleton modalities by computing a weighted
sum of per-modality class probability scores and selecting the class with the maximum ag-
gregate score:

K = argmax
Ns

∑
n=1

λnSn, (14)

where K is the predicted action class, Ns is the number of subnetworks, Sn is the class
probability score produced by the n-th network, and λn is the weight corresponding to the
subnetwork. The weighted score fusion effectively combines RGB and skeleton features,
significantly enhancing action recognition accuracy.

4 Experiments

4.1 Datasets

The proposed method is evaluated on both the large-scale action recognition dataset NTU
RGB+D and the fine-grained dataset FineGym.

NTU RGB+D 60 (NTU60) [43] is a large-scale action recognition dataset containing
56,880 action sequences collected from 60 action classes. Two standard evaluation protocols
are typically adopted: (1) Cross-Subject (X-Sub): Training data comes from 20 subjects,
while testing data uses the remaining 20 subjects. (2) Cross-View (X-View): Training data
is captured by cameras 2 and 3, with testing data from camera 1.

FineGym [44] is a fine-grained action recognition dataset comprising 29,000 videos
across 99 action categories. It collects 10 different events in gymnastics and defines 15
groups, further specifying 530 distinct elements.
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Table 1: Comparison of classification accuracy with state-of-the-art methods on the NTU60
dataset. Notations: R: RGB, S: Skeleton.

Methods Modality NTU60 X-Sub NTU60 X-View

Glimpse Clouds[3] R 86.6 93.2
Action Machine[64] R 94.3 97.2
TimeSformer[4] R 93.0 97.2

ST-GCN[57] S 81.5 88.3
2s-AGCN[45] S 88.5 95.1
Shift-GCN[11] S 90.7 96.5
MS-G3D[37] S 91.5 96.2
CTR-GCN[10] S 92.4 96.8
InfoGCN[12] S 92.7 96.9
FR-Head[62] S 92.8 96.8
Ske2Grid[7] S 90.1 95.1
DSTSA-GCN[13] S 92.8 97.0

S-Res-LSTM[47] R + S 90.0 96.3
VPN[14] R + S 93.5 96.2
MMNet[6] R + S 96.0 98.8
RGBPose-C3D[21] R + S 95.3 96.4
STAR++[2] R + S 92.7 97.6
VT-BPAN[48] R + S 95.4 97.7
π-ViT[41] R + S 96.3 99.0
EPAM-Net[1] R + S 96.5 99.0

Ours R + S 98.8 99.7

4.2 Implementation details

For the RGB modality, we adopt 8 segments, sampling 6 frames from each segment. The
cropped RGB frames are resized to a resolution of 256 × 256 pixels. α is set to 0.3. The
backbone network utilizes a ResNet50-based TSM pretrained on ImageNet, optimized us-
ing SGD with an initial learning rate of 0.01 and momentum of 0.9. Training on both the
FineGym and NTU60 datasets is conducted for 60 epochs. For the skeleton modality, GCN
encoder employs CTR-GCN architecture, while other hyperparameters remain consistent
with the RGB modality. The temperature hyperparameter τ is set to 0.8. In the contrastive
learning, we set the number of positive samples N+ to 128 and negative samples Nc to 512.
All experiments are implemented on RTX 3090 GPUs using the PyTorch framework.

4.3 Comparisons with the state-of-the-art methods

In Table 1, our method achieves 98.8% accuracy on X-sub and 99.7% on X-view, which
is 2.3% on X-Sub and 0.7% on X-View above the previous best, outperforming existing
RGB and skeleton fusion methods. In Table 2, our method reaches 96.0% accuracy on Fine-
Gym dataset, which is 7.6% above the baseline and 0.4% above the previous best. These
results demonstrate that multimodal feature collaboration and fusion effectively improve
fine-grained action recognition and enhance the model’s ability to distinguish subtle action
differences.

As shown in Table 3, we compare the computational complexity of our method against
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Table 2: Comparison of classification accuracy
with state-of-the-art methods on FineGym dataset.
Notations: R: RGB, S: Skeleton.

Methods Modality FineGym

I3D[52] R 75.6
TSM[33] R 88.4
MTN[31] R 91.8

MS-G3D[37] S 92.0
InfoGCN[12] S 92.0
PoseC3D[21] S 93.2
Ske2Grid[7] S 91.8
RGBPose-C3D[21] R + S 95.6

Ours R + S 96.0

Table 3: Comparisons of computa-
tion complexity with the state-of-the-
art methods.

Methods FLOPs

VPN[14] 107.9G
VPN++[15] 125.8G
TSMF[5] 85.4G
MMNet[6] 89.2G
RGBPose-C3D[21] 1410G

Ours 35.1G

Table 4: Comparison results of the proposed components. Notations: R: RGB, S: Skeleton.
Methods Modality NTU60 X-Sub NTU60 X-View

Baseline[33] R 92.3 95.8
Pose S 92.8 96.7
Baseline + Crop R + S 95.3 98.3
Baseline + Crop + MA R + S 96.9 98.9
Baseline + Crop + STAA R + S 97.6 99.1

Ours R + S 98.8 99.7

the state-of-the-art methods. The results demonstrate that our method delivers superior ac-
curacy with reduced computational cost.

Overall, the comparison against RGB, skeleton, and fusion methods shows our method
achieves better performance. On the FineGym dataset, although its accuracy matches that of
RGBPose-C3D, RGBPose-C3D incurs higher computational cost. In contrast, our method
reduces computation while improving accuracy. We also confirm the model’s advantage on
the coarse-grained NTU60 dataset, further extending the applicability of our method.

4.4 Ablation studies

We perform ablation experiments to evaluate the effectiveness of the components using
TSM [33] as the baseline. For the RGB modality, we assess the impact of STAA, MA,
and TA modules, while for the skeleton modality, we compare the performance of different
negative sampling strategies.

4.4.1 Effectiveness of Proposed Main Components

In Table 4, we demonstrate the effectiveness of our proposed components on NTU60 dataset.
First, the baseline using only RGB videos achieves 92.3% and 95.8% on X-sub and X-view.
Adding skeleton modality to guide motion region cropping improves recognition accuracy
by 3.0% on X-sub and 2.5% on X-view. Further integrating MA boosts X-sub accuracy by
1.6%. Subsequently, the addition of STAA improves the X-view accuracy by 0.8%. Finally,
our method achieves improvements of 6.5% on X-sub and 3.9% on X-view.
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label：1
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Original images Baseline MA STAA

Figure 3: GradCAM visualization of the baseline, MA and STAA on FineGym dataset.

4.4.2 Effectiveness of Contrastive Learning Sampling Strategies

Table 5: Comparison of different
negative sampling strategies. Nota-
tions: Sh: hard sample, Sr: random
sample, Sc: Class-aware sample.

Sampling FineGym
Sh Sr Sc

✓ 93.6
✓ 93.6

✓ 93.8
✓ ✓ 93.7

✓ ✓ 94.0

In Table 5, we compare the performance of dif-
ferent negative sampling strategies on FineGym
dataset. The results indicate that Class-aware sam-
pling achieves the highest accuracy, while random
sampling and hard sample sampling yield similar
results. However, the combination of random and
class-aware sampling significantly outperforms oth-
ers, improving accuracy by 2.1%.

4.5 Visualization Analysis
In Figure 3, we present a visualization on FineGym
gymnastics videos using Grad-CAM [42]. We compare the baseline and each module method
separately. We observe that when utilizing only MA, the model predominantly attends to key
human joint regions in the RGB image, which are highly correlated with action representa-
tion. Upon integrating TA, STAA leverages an enlarged receptive field to further enhance
discriminative capacity, thereby enabling the capture of more fine-grained action features.

5 Conclusion
In this paper, we propose a Multimodal Feature Collaboration and Fusion method. The
RGB modality employs a skeleton-guided cropping combined with STAA for efficient spa-
tial and temporal feature extraction, while the skeleton modality introduces a Class-aware
contrastive learning to enhance discrimination among similar actions. We then integrate the
optimized RGB and skeleton features through a score-weighted fusion mechanism, achiev-
ing fine-grained feature aggregation. In future work, we plan to introduce text prompts at
both the action and sub-action levels to further guide multimodal learning.
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