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Abstract
To address the issues of ignoring interdependencies among feature channels and
the presence of substantial redundant spatiotemporal information in features
when employing the two-stream approach for video action recognition, we pro-
pose T-STAM, an end-to-end action recognition model based on a two-stream
spatiotemporal attention mechanism that achieves full utilization of key spa-
tiotemporal information in videos. First, a channel attention mechanism is
introduced into the two-stream backbone network to calibrate channel infor-
mation by modeling dependencies among feature channels, thereby enhancing
feature representation capability. Second, we propose a CNN-based temporal
attention model that learns attention scores for each frame using minimal param-
eters, focusing on frames with significant motion magnitude. Simultaneously, a
multi-spatial attention model is proposed to calculate attention scores for each
spatial location within every frame from multiple perspectives, extracting mul-
tiple motion-salient regions. Subsequently, spatiotemporal features are fused
to further enhance video feature representation. Finally, the fused features are
fed into a classification network, where the outputs of the two streams are inte-
grated with different weights to obtain action recognition results. Experimental
results on the HMDB51 and UCF101 datasets demonstrate that T-STAM can
effectively recognize actions in videos.
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Abstract: Existing two-stream methods for video action recognition often
overlook inter-channel relationships among features and suffer from redundant
spatio-temporal information. To address these issues, we propose an end-to-end
action recognition model called T-STAM (Two-Stream Spatio-Temporal Atten-
tion Model) that fully utilizes key spatio-temporal information in videos. First,
we introduce a channel attention mechanism into the two-stream backbone net-
work to recalibrate channel information by modeling dependencies between fea-
ture channels, thereby enhancing feature representation capability. Second, we
propose a CNN-based temporal attention model that learns attention scores for
each frame with minimal parameters, focusing on frames with significant motion
amplitude. Simultaneously, we introduce a multi-spatial attention model that
calculates attention scores for each spatial location from multiple perspectives to
extract multiple motion-salient regions. We then fuse spatio-temporal features
to further enhance video representation. Finally, the fused features are fed into
a classification network, and the outputs from both streams are combined with
different weights to obtain the final action recognition result. Experimental
results on the HMDB51 and UCF101 datasets demonstrate that T-STAM can
effectively recognize actions in videos.

Keywords: action recognition; two-stream; channel information; spatio-
temporal attention; motion saliency areas

0 Introduction
Action recognition has widespread applications in video surveillance, smart
homes, video retrieval, human-computer interaction, and various other domains.
Videos are characterized by complex environments, large viewpoint variations,
and significant changes in human motion range, which introduce substantial
redundant information in both temporal and spatial dimensions during feature
representation. Therefore, effectively utilizing information from key regions
on frames with significant motion—such as objects and body parts involved in
human-object interactions—is crucial for action recognition.

Video-based action recognition methods can be categorized into two classes:
traditional methods and deep learning-based methods. Traditional methods
have achieved some progress but rely heavily on hand-crafted features, resulting
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in limited generalization capability. Deep learning methods can automatically
learn video features for classification. Among them, two-stream approaches ef-
fectively combine spatio-temporal information and demonstrate relatively supe-
rior performance. Simonyan et al. first proposed the two-stream model, feeding
single RGB images and multi-frame optical flow fields into spatial and tempo-
ral streams respectively, followed by feature fusion and classification. Wang et
al. introduced temporal segment networks using sparse sampling and video-level
supervision to further improve accuracy. However, two-stream methods cannot
effectively leverage key spatio-temporal information and ignore differences in
information represented by different channels during feature extraction. To ob-
tain salient region information, several studies employ object detection or pose
estimation to extract multiple key regions or body parts before feeding them
into networks for action recognition. However, pre-processing videos with object
detection or pose estimation increases computational cost, and the quality of
detection/estimation results affects recognition performance.

Attention mechanism-based action recognition methods can automatically learn
key information from videos. Hu et al. designed a channel attention network
to model channel-wise features and highlight important channels. Sharma et
al. proposed a spatial attention model to emphasize salient regions in each frame.
Du et al. used RNN-based temporal attention models to assign weights to dif-
ferent frames, enabling effective utilization of key frames. Yang et al. designed
spatio-temporal attention models using bidirectional LSTM. However, existing
approaches have several limitations: (a) RNN/LSTM-based temporal attention
models contain numerous parameters and have fixed sequential structures that
must process video frames in chronological order, resulting in low recognition
efficiency. (b) When extracting spatial salient information, using only one spa-
tial attention model to extract multiple motion regions often yields inaccurate
region localization.

To address these problems, we propose an end-to-end action recognition model
based on two-stream network with spatio-temporal attention mechanism (T-
STAM). The contributions of T-STAM are as follows: (a) We integrate channel
attention into the two-stream backbone network to recalibrate channel informa-
tion while preserving two-stream features, thereby enhancing feature representa-
tion capability. (b) We propose a CNN-based temporal attention model to focus
on temporally discriminative frames. Compared with RNN-based approaches,
our model uses CNN to compute attention scores for each frame along the tempo-
ral dimension, resulting in fewer parameters and lower computational cost. Ad-
ditionally, CNN enables parallel computation across multiple frames, improving
overall efficiency. (c) We propose a multi-spatial attention model that employs
multiple models to learn spatial location weights from different perspectives, ob-
taining multiple discriminative motion regions (e.g., human-object interactions,
moving body parts) while reducing background interference. Spatio-temporal
features are fused to further enhance video representation. (d) We conduct ex-
perimental validation on UCF101 and HMDB51 datasets, demonstrating that
T-STAM is an efficient, end-to-end action recognition model.
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1 Two-Stream Spatio-Temporal Attention Action Recogni-
tion Model
A video can be viewed as comprising spatial and temporal components. Spa-
tially, RGB images contain scene and object appearance information, while
temporally, optical flow images capture object motion information. Therefore,
we design our model based on an appearance stream using RGB images and a
motion stream using optical flow images. We propose T-STAM to strengthen fea-
ture representation, enabling discrimination between different channel features
and focusing attention on multiple motion-salient regions within discriminative
frames for action recognition. The overall architecture of T-STAM is shown in
[Figure 1: see original paper]. To obtain appropriate input segments, T-STAM
performs sparse sampling on videos: each video is divided into N equal intervals,
with one frame randomly sampled from each interval. The RGB and optical flow
images of sampled frames are then fed into the two-stream network.

T-STAM builds upon appearance and motion streams, with each stream con-
taining three modules: SE-BN-Inception, spatio-temporal attention, and classi-
fication. The SE-BN-Inception module distinguishes differences in features rep-
resented by different channels, extracting expressive video features holistically.
The appearance stream outputs 𝐹𝑟𝑔𝑏 and the temporal stream outputs 𝐹𝑓𝑙𝑜𝑤 af-
ter this module. The spatio-temporal attention module further enhances video
representation by highlighting discriminative frames and multiple motion-salient
regions through temporal and multi-spatial attention models. The classification
module consists of an FC layer and softmax function. Spatio-temporal features
𝑆𝑡 and 𝑆𝑠 from both streams are fed into their respective classification modules
to obtain appearance stream output 𝑥𝑟𝑔𝑏 and motion stream output 𝑥𝑓𝑙𝑜𝑤. Fi-
nal recognition results are obtained by fusing both stream outputs with different
weights.

2 SE-BN-Inception Module
Convolutional networks produce multi-channel feature vectors when extracting
video frame features, where each channel describes the frame from a specific
aspect and channels vary in importance. However, previous deep learning meth-
ods ignore these differences, resulting in weak feature representation. Channel
attention mechanisms can learn the importance of each feature channel, en-
hancing useful channels while suppressing less discriminative ones. Therefore,
we introduce SE-Net (Squeeze-and-Excitation Networks) into the two-stream
backbone BN-Inception to create the SE-BN-Inception module for recalibrating
channel information and enhancing feature expressiveness.

SE-Net is shown in Figure 2: see original paper. The implementation proceeds as
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follows: First, input features undergo global average pooling along the channel
dimension to compress features. Two fully connected layers then model chan-
nel dependencies: the first FC layer reduces channel dimension to 1/16 of the
original to reduce computation, followed by ReLU activation for non-linearity;
the second FC layer restores the original dimension. A sigmoid function obtains
normalized weights, which are then reweighted onto each channel’s features
through feature recalibration.

The SE-BN-Inception module structure is shown in Figure 2: see original pa-
per. BN-Inception contains 9 inception operations, with SE-Net added after
each inception. Since FC layer outputs are insensitive to spatial location while
convolutional outputs retain spatial structure to some extent, we preserve BN-
Inception up to its final convolutional layer.

3 Spatio-Temporal Attention Module
The spatio-temporal attention module comprises a CNN-based temporal atten-
tion model, a multi-spatial attention model, and spatio-temporal feature fusion.
The temporal and multi-spatial attention models focus on key frames and mul-
tiple motion-salient regions from temporal and spatial dimensions respectively,
while feature fusion effectively combines these key spatio-temporal cues to fur-
ther enhance video representation and improve action recognition accuracy.

3.1 CNN-Based Temporal Attention Model

Actions are continuous processes where different video frames contribute differ-
ently to recognition. Frames containing rich information with obvious motion
changes should be prioritized. Temporal attention models assign greater atten-
tion to key frames. However, previous temporal attention models are RNN-
based, featuring numerous parameters, complex structures, and inability to par-
allelize across time.

To address this, we propose a CNN-based temporal attention model that gen-
erates attention scores for each frame using CNNs. These scores determine
each frame’s importance for action recognition, enabling selective focus on key
frames and temporal feature enhancement. Our design has fewer parameters, a
simpler structure, and can compute attention scores for all frames in parallel,
fully leveraging GPU hardware. The CNN-based temporal attention model is
shown in [Figure 3: see original paper].

Features after the SE-BE-Inception module are represented as 𝑋 ∈ ℝ𝑁×𝐶×𝑊×𝐻 ,
where 𝑁 denotes the number of selected frames, 𝐶 represents feature dimension,
and 𝑊 × 𝐻 is the feature map grid size. For the 𝑖-th frame’s feature vector
𝑥𝑖, we first apply a fully connected layer for linear mapping to obtain ̂𝑥𝑖 using
shared parameters across frames, as shown in Equation (1):
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̂𝑥𝑖 = 𝑤1𝑥𝑖 + 𝑏1, 𝑖 = 1, 2, … , 𝑁

where 𝑤1 and 𝑏1 are learnable parameters. The mapped features for the entire
video are 𝑋̂ = ( ̂𝑥1, ̂𝑥2, … , ̂𝑥𝑁). A convolutional layer with kernel size 1 × 1
transforms the video feature dimension to 256: 𝑋̂ ∈ ℝ𝑁×256. Softmax along the
temporal dimension yields temporal attention scores 𝛼𝑖 for each frame, com-
puted as in Equation (2):

𝛼𝑖 = exp(conv( ̂𝑥𝑖))
∑𝑁

𝑖=1 exp(conv( ̂𝑥𝑖))

where conv represents the convolution operation. 𝛼𝑖 indicates the 𝑖-th frame’
s contribution to action recognition. After obtaining 𝛼𝑖, we multiply it with
feature ̂𝑥𝑖 to get the 𝑖-th frame’s temporal feature. Summing all frames’temporal
features yields the entire video’s temporal feature 𝑓𝑡, as in Equation (3):

𝑓𝑡 =
𝑁

∑
𝑖=1

𝛼𝑖 ̂𝑥𝑖

3.2 Multi-Spatial Attention Model

Videos consist of sequential images where each frame spatially comprises motion-
salient regions and other areas. For action recognition videos, motion-salient
regions typically correspond to moving body parts and object locations. For
example, in the “drinking”action, features from the arm, head region, and
cup are sufficient for accurate recognition. Therefore, we should focus on these
motion-salient regions in each frame. Previous methods using object detection or
pose estimation are labor-intensive and complex. Spatial attention mechanisms
can solve these issues, but existing approaches use only one spatial attention
model to extract different salient region information, often yielding inaccurate
localization.

To accurately extract different region information interacting with actions, we
propose a multi-spatial attention model, detailed in [Figure 4: see original pa-
per]. Rather than spatially decomposing input images based on feature map grid
size, this model extracts frame spatial information from multiple perspectives,
computing attention scores for each spatial location to identify different motion-
salient regions. This approach reduces interference from irrelevant background
information and mitigates issues caused by human pose variations, further en-
hancing spatial feature representation. The number of spatial attention models
determines the quantity of learned motion-salient regions, with the optimal
value determined experimentally.

We employ multiple spatial attention models to extract motion-salient regions.
Each model primarily consists of two convolutional layers and a softmax function.
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For the 𝑗-th spatial attention model, feature 𝑋 first passes through a 1 × 1
convolutional layer with tanh activation to reduce dimension to 𝐶/2, decreasing
computational cost. It then undergoes a second convolutional layer to obtain
feature 𝑠𝑖𝑗, implemented as in Equation (4). Batch Normalization (BN) is added
after each convolutional layer to address covariate shift and stabilize training,
with BN implementation shown in Equation (5):

𝑠𝑖𝑗 = 𝑤𝑗
2 ∗ (tanh(𝑤𝑗

1 ∗ 𝑋 + 𝑏𝑗
1)) + 𝑏𝑗

2

where 𝑤𝑗
1, 𝑤𝑗

2, 𝑏𝑗
1, 𝑏𝑗

2 are learnable network parameters. The second convolutional
layer uses 5 × 5 kernels with stride 1. 𝑗 indexes the spatial attention model
number.

The feature 𝑠𝑖𝑗 after two convolutional layers is fed into softmax to compute
probability scores 𝛼𝑖

𝑗𝑘 for each spatial region in frame 𝑖, as in Equation (6):

𝛼𝑖
𝑗𝑘 = exp(𝑠𝑖𝑗𝑘)

∑𝑊×𝐻
𝑘=1 exp(𝑠𝑖𝑗𝑘)

We multiply 𝛼𝑖
𝑗𝑘 with each mapped feature for element-wise multiplication to

obtain weighted spatial features. With 𝑙 spatial attention models, each frame
extracts 𝑙 spatial features. Summing the 𝑗-th spatial features across all selected
frames yields the entire video’s 𝑗-th spatial feature 𝑓𝑠𝑗

, as in Equation (7):

𝑓𝑠𝑗
=

𝑁
∑
𝑖=1

𝑊×𝐻
∑
𝑘=1

𝛼𝑖
𝑗𝑘 ̂𝑥𝑖

3.3 Spatio-Temporal Feature Fusion

Spatio-temporal feature fusion combines extracted temporal and spatial features
to determine human action categories. The fused spatio-temporal features rep-
resent changes in motion-salient regions (body parts, interactive objects, etc.)
of key frames, further enhancing feature expressiveness for more accurate action
recognition. For instance, in the “golf swinging”action, frames with obvious
swinging motion receive more attention through the temporal attention model,
while spatial attention models extract key regions like arms, golf clubs, and balls.
Combining these features enables focused attention on multiple motion-salient
regions in key frames for better action recognition.

Spatio-temporal feature fusion is illustrated in [Figure 5: see original paper].
After obtaining 𝑙 spatial features 𝑓𝑠𝑗

and temporal feature 𝑓𝑡, we first map
each spatial feature onto the temporal feature by adding spatial features 𝑓𝑠𝑗

to
temporal feature 𝑓𝑡, yielding 𝑙 features 𝐹𝑗. These features are then concatenated
to obtain the video’s spatio-temporal feature 𝐹 , as shown in Equations (8) and
(9):
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𝐹𝑗 = 𝑓𝑡 + 𝑓𝑠𝑗

𝐹 = concatenate(𝐹1, 𝐹2, … , 𝐹𝑙)

where concatenate denotes the concatenation operation.

4 Experiments
4.1 Datasets and Evaluation Metrics

We evaluate our method on two publicly available video action recognition
datasets: UCF101 and HMDB51.

UCF101 contains 13,320 videos across 101 action categories. The dataset
exhibits strong diversity in motion acquisition, including camera motion,
object appearance changes, pose variations, and background changes. Action
categories are grouped into five types: human-object interaction, body motion,
human-human interaction, playing musical instruments, and sports. The
dataset presents challenges such as large intra-class variation and small inter-
class differences. HMDB51 contains 6,676 videos across 51 action categories,
primarily sourced from movies, YouTube, and Google videos, many of which are
low-quality. Consequently, action recognition on these datasets is challenging.
For both datasets, we adopt the official split: each dataset is divided into three
splits, with 70% of videos for training and 30% for testing per split.

We use Top-1 recognition accuracy (hereinafter referred to as recognition accu-
racy) as the evaluation metric. The reported accuracy for each dataset is the
weighted average across its three splits.

4.2 Experimental Setup

Experiments are conducted on GPU-enabled PyTorch. We use BN-Inception as
the backbone, an upgraded version of GoogLeNet that balances accuracy and
efficiency. The network is initialized with pre-trained ImageNet parameters. To
align optical flow data with RGB data, we use the tool provided by Wang et
al. to extract optical flow via the TV-L1 algorithm, quantizing the flow data to
[0,255] through linear transformation.

Training: Input frames are resized to 240$×320, 𝑡ℎ𝑒𝑛𝑟𝑎𝑛𝑑𝑜𝑚𝑙𝑦𝑐𝑟𝑜𝑝𝑝𝑒𝑑𝑓𝑟𝑜𝑚𝑓𝑖𝑥𝑒𝑑𝑐𝑜𝑟𝑛𝑒𝑟𝑠𝑤𝑖𝑡ℎℎ𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙𝑓𝑙𝑖𝑝𝑝𝑖𝑛𝑔𝑡𝑜224×224.𝐷𝑟𝑜𝑝𝑜𝑢𝑡𝑙𝑎𝑦𝑒𝑟𝑠𝑎𝑟𝑒𝑎𝑑𝑑𝑒𝑑𝑏𝑒𝑓𝑜𝑟𝑒𝑡ℎ𝑒𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝐹𝐶𝑙𝑎𝑦𝑒𝑟, 𝑤𝑖𝑡ℎ𝑑𝑟𝑜𝑝𝑜𝑢𝑡𝑟𝑎𝑡𝑒𝑠𝑜𝑓0.8𝑓𝑜𝑟𝑡ℎ𝑒𝑎𝑝𝑝𝑒𝑎𝑟𝑎𝑛𝑐𝑒𝑠𝑡𝑟𝑒𝑎𝑚𝑎𝑛𝑑0.7𝑓𝑜𝑟𝑡ℎ𝑒𝑚𝑜𝑡𝑖𝑜𝑛𝑠𝑡𝑟𝑒𝑎𝑚.𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠𝑎𝑟𝑒𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑𝑢𝑠𝑖𝑛𝑔𝑚𝑖𝑛𝑖−
𝑏𝑎𝑡𝑐ℎ𝑆𝐺𝐷𝑤𝑖𝑡ℎ𝑏𝑎𝑡𝑐ℎ𝑠𝑖𝑧𝑒32, 𝑤𝑒𝑖𝑔ℎ𝑡𝑑𝑒𝑐𝑎𝑦0.0005, 𝑎𝑛𝑑𝑚𝑜𝑚𝑒𝑛𝑡𝑢𝑚0.9.𝑇 ℎ𝑒𝑎𝑝𝑝𝑒𝑎𝑟𝑎𝑛𝑐𝑒𝑠𝑡𝑟𝑒𝑎𝑚𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑟𝑎𝑡𝑒𝑠𝑡𝑎𝑟𝑡𝑠𝑎𝑡0.001, 𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑖𝑛𝑔𝑏𝑦10×$
at epochs 30 and 60, for a total of 80 epochs. The motion stream learning rate
starts at 0.001, decreasing by 10× at epochs 190 and 300, for a total of 340
epochs.
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Testing: We select 25 frames per sample using average sampling. For each
frame, data augmentation via cropping and flipping generates 10 test samples.
The final classification result is obtained by averaging the output class proba-
bilities across these 10 samples.

4.3 Experimental Analysis

This section presents comparative experiments analyzing video segment num-
bers, spatial attention model numbers, two-stream fusion weights, and the ef-
fectiveness of channel attention. Finally, we compare our method with state-of-
the-art approaches.

4.3.1 Analysis of Action Recognition Performance with Different
Video Segment Numbers Using TSN’s sparse sampling method, we ana-
lyze the impact of different video segment numbers on recognition performance.
Experiments are conducted on the first split of HMDB51, sampling 3, 4, 5, and
6 segments per video. Results on the appearance stream are shown in [Figure
6: see original paper]. Recognition accuracy gradually increases with more
segments, peaking at 6 segments, as the network learns from more samples.
However, the improvement rate slows beyond 5 segments, and limited GPU
memory prevents testing more segments. Therefore, we use 6 segments per
video in subsequent experiments.

4.3.2 Analysis of Action Recognition Performance with Different Spa-
tial Attention Model Numbers Our multi-spatial attention model extracts
multiple motion-salient regions. As the number of models increases, more re-
gions are extracted. We analyze this effect on the first split of HMDB51, with
results shown in [Figure 7: see original paper]. Accuracy improves as the num-
ber increases to 4, peaking at 4 models, then declines at 5 models due to limited
GPU memory for larger numbers. Thus, we adopt 4 spatial attention models
in subsequent experiments.

4.3.3 Analysis of Action Recognition Performance with Different Two-
Stream Fusion Weights We analyze the impact of different fusion weights
between appearance and motion streams, as shown in . Using only the motion
stream achieves higher accuracy than using only the appearance stream, and
two-stream fusion outperforms single streams. The best results are obtained
with a 1/4 RGB stream and 3/4 optical flow stream weighting. Therefore, we
use a 1:3 fusion ratio for subsequent experiments.

4.3.4 Analysis of Action Recognition Performance with Channel At-
tention Network To validate the effectiveness of channel attention, we com-
pare TSN integrated with SE-Net against standard TSN on both datasets, using
identical experimental parameters. Results in show that SE-Net integration im-
proves accuracy by 0.2% on UCF101 and 1.3% on HMDB51, demonstrating that
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channel attention highlights discriminative channel information and enhances
feature expressiveness.

4.3.5 Comparison with State-of-the-Art Methods 1) Comparison
with Attention-Based Action Recognition Methods: We compare
T-STAM (without SE-Net) against other attention-based methods in . Our
method achieves higher accuracy: (a) Compared with RNN-based Temporal
Attention, T-STAM (without SE-Net) improves HMDB51 accuracy by 6.3%, as
Temporal Attention only extracts key frames while our method captures both
key frames and spatial motion-salient regions, proving that spatio-temporal
fusion enhances recognition. (b) T-STAM outperforms RSTAN and ISTPAN
(both using BN-Inception backbones), showing our simpler yet more effective
spatio-temporal attention model. (c) T-STAM surpasses Attention Cluster, Bi-
LSTM Attention, and R-STAN, despite those methods using stronger ResNet
backbones, proving our model compensates for BN-Inception’s limitations
by accurately extracting key spatio-temporal information. (d) Adding SE-Net
further boosts T-STAM’s accuracy on both datasets, showing channel attention
recalibration improves performance.

2) Comparison with Recent Classical Action Recognition Methods:
We compare T-STAM with classical methods in . Results show: (a) T-STAM
outperforms traditional IDT, demonstrating effective key spatio-temporal infor-
mation extraction and simplified end-to-end computation. (b) Compared with
Two-Stream Fusion and TSN, T-STAM improves UCF101 accuracy by 3.2%
and 0.8%, and HMDB51 accuracy by 6.5% and 2.5%, proving that our spatio-
temporal attention model effectively extracts more motion features from key
frames. (c) T-STAM also outperforms TDD, C3D, ST-ResNet, ST-Pyramid,
ARTNet, and TSM, demonstrating that T-STAM’s channel recalibration and
spatio-temporal attention model comprehensively mine key video information
to obtain enhanced features for robust action description.

5 Conclusion
To address two-stream methods’limitations in ignoring inter-channel informa-
tion differences and their inability to distinguish redundant frames and back-
ground information—resulting in weak overall feature expressiveness and low
recognition rates—we propose an end-to-end action recognition model based on
two-stream spatio-temporal attention mechanisms. We first integrate channel
attention into the two-stream architecture to recalibrate channel information
through channel-wise feature modeling, enhancing video feature expressiveness.
We then design CNN-based temporal and multi-spatial attention models to
focus on multiple motion-salient regions within discriminative frames, further
strengthening video representation. Experiments on UCF101 and HMDB51
demonstrate superior accuracy compared to recent advanced methods, prov-
ing our model effectively distinguishes channel features and concentrates atten-
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tion on key spatio-temporal information for more accurate action recognition.
However, our motion and appearance streams currently share identical network
structures, whereas human understanding of motion and appearance involves
distinct processes that warrant different architectures. Future work will explore
different network structures for each stream and investigate integration with
other deep learning models to further improve accuracy.
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