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An Efficient Temporal Decoding Module for Action Recognition
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Abstract: Action recognition, a fundamental task in the field
of video understanding, has been extensively researched and
applied. In contrast to an image, a video introduces an extra
temporal dimension. However, many existing action
recognition networks either perform simple temporal fusion
through averaging or rely on pre-trained models from image
recognition, resulting in limited temporal information
extraction capabilities. This work proposes a highly efficient
temporal decoding module that can be seamlessly integrated
into any action recognition backbone network to enhance the
focus on temporal relationships between video frames.
Firstly, the decoder initializes a set of learnable queries,
termed video-level action category prediction queries. Then,
they are combined with the video frame features extracted by
the backbone network after self-attention learning to extract
video context information. Finally, these prediction queries
with rich temporal features are used for category prediction.
Experimental results on HMDBS1, MSRDailyAct3D,
Diving48 and Breakfast datasets show that using TokShift-
Transformer and VideoMAE as encoders results in a
significant improvement in Top-1 accuracy compared to the
original models ( TokShift-Transformer and VideoMAE ),
after introducing the proposed temporal decoder. The
introduction of the temporal decoder results in an average
performance increase exceeding 11% for TokShift-
Transformer and nearly 5% for VideoMAE across the four
datasets. Furthermore, the work explores the combination of
the decoder with various action recognition networks,
including Timesformer, as encoders. This results in an
average accuracy improvement of more than 3.5% on the
HMDBS51 dataset. The code is available at https://github.
com/huangturbo/TempDecoder.
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0 Introduction

Action recognition aims to identify and classify
human actions within a video sequence. With the
widespread development and dissemination of video
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media, this field has attracted increasing research
interest. As a fundamental area in computer vision,
action recognition finds applications in various domains of
video understanding, including video surveillance,
retrieval and human activity detection. In contrast to
static images, videos inherently contain temporal
information. Therefore, for effective action recognition,
models need to excel in feature extraction across both
spatial and temporal dimensions. Spatial information
represents the static details within each frame, including
people, objects and backgrounds. Temporal information
captures the contextual relationships between frames,
requiring the integration of static information for a
comprehensive understanding. Typically, the goal in
action recognition tasks is to classify actions occurring
between individuals, objects, or a combination of both.
For some datasets (e. g. , UCF101'"?) where many
categories are less related to the action and only one or a
few frames of static images are often needed to recognize
the action, models with excellent static information
extraction capabilities can achieve high recognition
accuracy *'. However, in most real-life applications,
relying solely on spatial information is insufficient. These
video frames exhibit close correlations between actions
over time. Enhancing the model ability to model temporal
features becomes crucial for action recognition.
Consequently, numerous studies have been conducted to
address this issue. Early methods involved averaging the
features extracted by convolutional neural networks
(CNNs ) for images across the temporal dimension,
followed by classification”’. However, such simple
fusion methods often result in the loss of significant
temporal information, hindering action -classification.
Subsequently, researchers replaced two-dimensional
(2D) convolutions with three-dimensional (3D)
counterparts to simultaneously model the temporal
dimension'"’, leading to improved performance.
Nevertheless, the model parameters in this approach
increase, resulting in substantial computational costs. To
further enhance action classification accuracy, researchers
incorporated optical flow'” into the model, forming two-
stream networks. However, pre-extracting optical flow
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incurs significant time and computational expenses,
impeding the deployment of end-to-end models.

Following the remarkable success of the Transformer
in natural language processing ( NLP)'® | attempts were
made to transfer the Transformer into the computer vision
(CV) domain. In action recognition tasks, researchers
utilized the multi-head attention mechanism of the
Transformer to  globally model  spatiotemporal
information, achieving promising recognition results.
However, many existing Transformer-based action
recognition models simply perform average fusion on the
final output features or add a classification token
representing the entire video for action recognition. This
simplistic approach hampers the exploration of temporal
correlations between different actions, leading to the loss
of some crucial temporal information.

Therefore , we propose a straightforward Transformer
temporal decoding module to model the video frame
features extracted by existing action recognition
networks. This module aims to further extract temporal
information, thereby improving action recognition
performance. In contrast to introducing a singular
classification token, we pre-introduce learnable queries,
termed video-level action category prediction queries.
Drawing inspiration from end-to-end object detection with
the Transformer'” | these prediction queries leverage the
potent global modeling capabilities of the Transformer,
enabling the decoder to  autonomously learn
spatiotemporal features within the video. Additionally,
through the multi-head attention mechanism, the decoder
can determine which temporal features are more critical,
enhancing the overall spatiotemporal modeling capability
of the entire model. We validate the effectiveness of the
temporal decoder on HMDB51"*', MSRDailyAct3D'” |
Diving48'" and Breakfast'"" datasets.

1 Related Work

1.1 Video action recognition

Action recognition stands as a representative task in
video understanding, and with the rise of deep learning,
researchers have employed 3D CNNs to address video
understanding  challenges.  Learning  spatiotemporal
features with 3D convolutional networks'"' is notable.
Extending ResNeXt into a 3D structure, ResNeXt3D'"'
further enhances the video understanding capabilities of
3D CNNs. However, due to limited receptive fields, 3D
CNN approaches struggle to extract global spatiotemporal
information, hindering the recognition of actions that
span longer temporal ranges. To better describe temporal
relationships between frames, Simonyan et al. """
proposed two-stream networks incorporating optical flow
into action recognition tasks. Compared to using raw
RGB images as input, optical flow efficiently eliminates
non-motion backgrounds, simplifying the learning task.
However, precomputing optical flow fields entails
significant computational and storage requirements,

impeding large-scale training and real-time deployment.

In recent years, the tremendous success of the
Transformers in handling sequential data has led to the
exploration of Transformer-based''” methods in video
action  recognition.  Timesformer' ',  the  first
Transformer-based video understanding network, employs
a spatiotemporal attention mechanism to enable efficient
and accurate video classification. The token shift
module''” segments video sequences into multiple
fragments for local processing, reducing computational
complexity and memory consumption. Addressing the
need for substantial training data for the Transformer,
Tong et al.""* introduced VideoMAE , utilizing video self-
supervised pretraining for efficient fine-tuning in
downstream tasks like action recognition. These action
recognition models, leveraging self-attention
mechanisms, capture spatiotemporal dependencies across
entire videos, extracting global and long-range temporal
information to enhance the action recognition accuracy.
However, these models primarily adopt an encoder
structure, often performing simple fusion operations,
such as averaging frame features and employing a single
video action classification token for the action category
prediction, resulting in the loss of some temporal action
information. ~ Additionally, compared to CNNs,
Transformers generally lack local spatial awareness,
impacting their static spatial modeling capabilities.
1.2 Temporal decoding modules

Recognizing the importance of modeling temporal
features in video understanding, several temporal
decoding modules have been proposed. Islam et al.'"
introduced Vis4dmer, incorporating structured state-space
temporal layers to enhance long-range video modeling
capabilities while reducing model computational
complexity. However, due to a lack of fine-grained
action expression capabilities, it may struggle to identify
subtle actions in shorter videos. Lin et al.”™’ proposed an
efficient video learner ( EVL ) decoder module that
facilitated video action classification on the application to
pre-trained image processing models. Yet, it requires the
integration of multiple attention modules and imposes
specific structural requirements on the backbone network ,
making it challenging to reuse in other models.
Moreover, some work has migrated models from the NLP
domain into video understanding networks to enhance
temporal expression capabilities. Neimark et al. "
employed Longformer' ™' as a temporal decoding module
for video action recognition. Kalfaoglu et al.”’ directly
appended the bidirectional encoder representation from the
Transformer ™ model to a 3D CNN-based action
recognition network to boost temporal feature extraction
capabilities of the 3D CNNs. While these decoding
models exhibit strong temporal information extraction
capabilities, their implementations are more complex,
demanding larger computational resources. In contrast,
our proposed model employs standard self-attention
modules directly, making it simpler and more versatile,
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capable of being appended to any action recognition or
image classification backbone network.

2 Proposed Temporal Decoding Module

To construct a simple yet efficient video temporal
decoder, we propose a module to introduce category
prediction queries into the temporal decoder. Similar to
the visual Transformer, we utilize a video action
recognition Transformer as the encoder. The sampled
video frames are converted into patches and fed into the
encoder, yielding frame features with rich spatial
semantics.  Subsequently, our proposed temporal
decoder, which efficiently incorporates action category
prediction queries, is employed to further analyze the
temporal information within the frame features extracted
by the encoder.

2.1 Overall architecture

The fundamental framework for video action
recognition in this work is depicted in Fig. 1, presenting an
encoder-decoder architecture. The encoder is responsible

-

for extracting features from sampled RGB frames. Two
video action recognition networks, TokShift-Transformer
and VideoMAE, are used as encoders in experiments
across multiple datasets. In TokShift-Transformer, we
stack these frame features to construct spatiotemporal
features, while VideoMAE uses the first frame feature as
the spatiotemporal feature. To better leverage the encoded
features, we do not directly use them for action category
prediction. Instead, we feed these features into the
proposed Transformer decoder to further explore temporal
information and enhance the action recognition accuracy.
This decoder initially performs self-attention operations on
N, learnable prediction queries, obtaining preliminary
action learning information, where N is the number of
query sequences. Subsequently, these N, queries are
combined with the previously encoded spatiotemporal
features for a multi-head cross-attention operation. The
resulting decoded feature vector contains rich temporal
action information which is then fed into a linear layer to
obtain action category predictions.
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Fig. 1

2.2 Encoder processing

Before performing action classification, we need to
preprocess the input video frame sequence by using an
encoder to extract rich temporal features. For this
purpose, we can use the backbone network before the
classification layer in any video action or image
classification model as the encoder to extract features
from video frames. Due to the powerful global modeling
capabilities of Transformers, they have found widespread
applications in video understanding domains like action
recognition. We illustrate the encoding preprocessing of
video frames wusing the TokShift-Transformer, a
Transformer-based action recognition network.

Firstly, we have a video Ve R”™™"  where T, H
and W represent the number of sampled video frames and
the height and width of the spatial resolution of each
frame, respectively; 3 represents the three channels of
RGB in the image. This video is reshaped into a
sequential tensor V* e R”™  where N represents the
number of patches and N=HW/P?, and P is the size of
the patch; d denotes the number of RGB pixels in each
patch, and d=3P°.

Overall architecture of temporal decoding module

Next, a linear layer module E € R*” is applied to

each patch x, e R™ in V", where x, indicates the ith
patch, projecting the dimension of each patch to D. An
additional classification token tensor ¢ € R”” s
concatenated to the patches, representing the global
information for each frame. Simultaneously, a position
encoding embedding E_ e R™"* is added to each

pos

patch, resulting in z € RO,
z=[e¢,x,E,x,E, -, xE, - x,E] +E,_. (1)

This transforms the input video V"~ into z. z is then
input into multiple TokShift-MSA operations of the

stacked TokShift-Transformer, resulting in z . z has the
same dimensions as zZ:

Z = TokShift-MSA(z) , (2)

where TokShift-MSA ( +) is the multi-head self-attention
operation inherent to the TokShift model itself.

Finally, z [:, O, :] is taken as the output of the
encoder z' € R™” | representing the video features for T
frames ;
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2=2[:,0,:] (3)

2.3 Proposed temporal decoder
2.3.1 Decoder structure

The proposed structure of the temporal decoder is
illustrated in Fig. 2. The decoder consists of L layers of
decoding units, and the core of each decoding unit
consists of two attention modules. The key operation in
these attention modules is the multi-head attention
(MHA) mechanism.

We construct queries for action category prediction.
The queries are initialized to zero and represented as g €

N _xD .. . N _xD
R"™™. We add learnable position encodings @, € R " to
form q'. Performing a multi-head self-attention operation on
q' facilitates initial learning among queries, resulting in a

N _xD . . .
sequence @, € R *" with certain temporal action
representation capabilities ;

9 =q9+0,,, (4)
0, =MHSA(q'), (5)
where MHSA ( - ) is the multi-head self-attention

operation.

The video features z' extracted from the encoder
undergo a cross-time spatial convolution module, aimed
at enhancing the spatial modeling capability of the
decoder. This process yields z” € R™”. Similar to the
prediction queries, we add position encoding P,, € R
to z”, obtaining frame features K, € R™ and V, e R™”
with enhanced spatial expression capabilities

7" =CTSC(z'), (6)
Kf=Vf=z”+PKV[:7T:|? (7)

where CTSC ( - ) is the cross-time spatial convolution
operation. The position encoding uses trigonometric
absolute position encoding, and N, represents the pre-set

number of position encodings ( N, = 2 048 in this
work ) .

P (k, 2i) =sin(k/10 000*),
P, (k, 2i +1) =cos(k/10 000*"), (8)

where k=0, 1, -+, N —1;i=0, 1, -, D/2-1.

Next, K; and V, are combined with @, for a multi-
head cross attention operation, enabling global perception
of  spatiotemporal information through  attention
mechanisms. The output is a vector z_ . € R with

rich temporal features;
=MHCA(Q[)’ K., V), (9)

where MHCA ( - ) is the multi-head cross attention
operation.

After multiple layers of stacking operations, the
output z_ . undergoes further processing through the
proposed temporal convolution module. This module
performs convolution fusion on the temporal dimension,
resulting in a feature z_, € R” with rich spatial-temporal

cross

zcmss

out

semantic information for the final linear classification
prediction.

z,, = Temp-Conv(z (10)

cross)'
where Temp-Conv ( + ) is the temporal convolution
operation.

z

T
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Fig.2 Schematic diagram of temporal decoder structure

2.3.2 Cross-time spatial convolution and temporal
convolution modules

Despite the powerful global temporal modeling
capabilities of the Transformer attention mechanism, its
ability for local spatial perception is relatively weak. To
address this limitation, we introduce a weight-shared
cross-time spatial convolution module. This module
participates in convolutional operations on the frame
features z' before entering the cross attention module,
thereby enhancing the spatial modeling capability of the
decoder. Generally, assuming that the input is X, € R
and the feature after convolution is Y__ e R™ the

Cross
operation is defined as follows.

Y (t,d)=b

cross cross

> W, (A, Ad) X, (1 + At,d +Ad),  (11)

A, Ad

where b and W__ are the bias and weight parameters
of cross-time spatial convolution, respectively; At, Ad e
{—=1, 0, 1}. For Ar, —1 and 1 represent the neighboring

frames before and after the current frame in the video,
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respectively. For Ad, —1 and 1 represent the positions
before and after the current position d, respectionly. As
shown in Fig. 3, to achieve spatial feature fusion across
frames for the current temporal position, we convolve
with the neighboring frames in the temporal and spatial
dimensions, using zero-padding at the boundaries. The
elements with the same color in Fig. 3 are multiplied and
accumulated element-wise, and the result is added to
obtain the instance corresponding to the above operation.

’ Mdl d dll‘
v.. [ T T
I T -

b :

-1

Fig.3 Cross-time spatial convolution operation

To enhance the temporal fusion capability of the
decoder, we also introduce a temporal convolution module,
acting on the output feature of the last layer’ s multi-head
cross attention operation. This module performs convolution
fusion on the temporal dimension, producing the final output
feature used for video action classification. Generally,
assuming the input is X, . € R™ and the feature after
temporal convolution is ¥, € R”, the temporal convolution

temp

module’ s fusion operation is

T-1

Yo d) = by + 2 Wiy (DX (1), (12)
where b, and W are the bias and weight parameters
of the temporal convolution module. The convolution
weights learned by the network and the input features are
multiplied and accumulated in the temporal dimension,
resulting in an output feature with more temporal
information.

3 Experiments

Extensive experiments were conducted on four
representative datasets for video action recognition, and
the accuracy was used as the evaluation metric.

3.1 Datasets

Four datasets are used for the experiments, namely

HMDB51, MSRDailyAct3D, Diving48 and Breakfast.

The HMDBS51 dataset comprises approximately 7 000
video clips, encompassing a total of 51 action categories.
These video clips involve some similar actions, with a
wealth of action information that cannot be identified
solely through static frame images. The dataset defines
three data splits, and split 1 is used in the experiment.
The MSRDailyAct3D dataset consists of indoor video
clips capturing human activities, featuring 16 action
categories. Due to minimal background variation in this
dataset, the model needs to exhibit robust action
modeling capabilities. The Diving48 dataset is a fine-
grained dataset of competitive diving videos, consisting
of 48 precisely defined diving actions and approximately
18 000 video clips, and each diving action is divided into
three sub-stages. As all videos are shot in the same setting
with subtle differences between various diving actions,
prolonged dynamic fine-grained modeling is necessary.
The Breakfast dataset includes 10 complex actions related
to breakfast preparation, executed by 52 different
individuals across 18 distinct kitchens. This dataset
comprises long-duration videos in a natural environment,
with an average video duration exceeding 2 min, placing
demands on the model ability for long-range modeling.
3.2 Implementation details

The AdamW optimizer was used for model training,
and the initial learning rate was 1x107". Additionally,
ReduceLROnPlateau was used to dynamically adjust the
learning rate based on the accuracy. For HMDBS51 and
Diving48 datasets, we randomly sampled 16 frames
uniformly as input; for the MSRDailyAct3D dataset, we
uniformly sampled eight frames; for the Breakfast
dataset, we randomly sampled 32 frames as input video
frames. All video frames from each dataset were cropped
to 224 pixel X 224 pixel before input. Random cropping,
random horizontal flipping and normalization were
employed as data augmentation techniques during
training.
3.3 Main results

To wvalidate the effectiveness of the proposed
temporal decoding module, we employed the typical
Transformer-based video action classification models
( TokShift-Transformer and VideoMAE) which were pre-
trained on the Kinetics-400 dataset. We integrated the
temporal decoder before the classification layer of these
models while keeping the rest of the architecture
unchanged. The comparison of the Top-1 accuracy results
with and without the temporal decoder for both models is
presented in Table 1.

Table 1 Comparison of Top-1 accuracy with and without temporal decoder

Top-1 accuracy/ %

Model -
HMDBS51 MSRDailyAct3D Diving48 Breakfast
TokShift-Transformer 54. 64 73.44 68. 93 69. 30
TokShift-Transformer with temporal decoder 67.78 84.50 76. 80 84.23
VideoMAE 73.30 90. 62 75.33 74.93
VideoMAE with temporal decoder 80. 52 98. 44 77.26 77. 46
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It is evident that the integration of the proposed
temporal decoder into both encoder models significantly
improves action classification accuracy. Specifically, on
HMDBS51, MSRDailyAct3D and Breakfast datasets, the
accuracy improvement of TokShift-Transformer with the
proposed temporal decoder exceeds 10% compared to that
of the original model. Therefore, the proposed temporal
decoder can effectively parse temporal dynamic
information and enhance the discriminative ability of
action classification. On the Diving48 dataset, both
models show a performance improvement, indicating that
the decoder enhances the overall models fine-grained
recognition capability. Furthermore, the inclusion of the
decoder also improves the classification performance on
the long-range video dataset ( Breakfast) , demonstrating
that the model can alleviate issues related to long-range
temporal dependencies.

In addition, further comparisons were conducted by
training these two networks for 20 epochs on the
HMDBS51 dataset, as shown in Fig. 4. The results
indicate that the temporal decoder significantly enhances
the model ability to extract temporally differentiated
features. For the TokShift-Transformer, convergence is
achieved in approximately three epochs with the temporal
decoder, compared to around eight epochs without it.
This improvement in the recognition capability, coupled
with a reduction in training iterations, further validates
the effectiveness of the proposed temporal decoder.

801 .‘_.‘4-._.—0"‘-0—0"'."""--0:::"0
- o0 g0 0000070700
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. 60F
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20t -®- VideoMAE
“ -e- VideoMAE with temporal decoder
0 3 6 9 12 15 18 21
Epoch

Fig.4 Training results for different models on HMDBS51 dataset

To further validate the effectiveness of the
proposed temporal decoder, a performance comparison
with other previously proposed efficient temporal
decoders was conducted on the HMDBS51 dataset. We
used both TokShift-Transformer and VideoMAE as
encoders for the encoding process. The results are
presented in Table 2. The computing performance of a
processor is measured in terms of billions of floating
point operations it can perform in one second, namely
Giga floating point operations per second ( GFLOPs) .
Params refer to the parameters or variables that define
the structure and behavior of a statistical or machine
learning model.

Table 2 Performance comparison with other temporal decoders on HMDB51 dataset

Top-1 accuracy/ %

Computing performance/ GFLOPs

Params/MB

Temporal decoder

TokShift-Transformer VideoMAE TokShift-Transformer VideoMAE TokShift-Transformer  VideoMAE
Visdmer 61.11 78.95 270. 09 103. 56 87.13 66. 46
BERT 66. 80 79. 54 270. 43 101. 89 106. 94 86.27
Longformer 66. 21 79. 80 270. 84 102.22 110. 49 89. 82
g;zzgz’d temporal 67.78 80. 52 270. 19 101. 97 108. 15 87.47

We compared the proposed temporal decoder with
Vis4mer, BERT and Longformer, three decoders known
for their temporal feature extraction capabilities. The input
frame number was 16 with a resolution of 224 pixel X
224 pixel. As shown in Table 2, Visdmer achieves lower
parameters, but the proposed temporal decoder model,
under the TokShift-Transformer baseline, exhibits a more
significant improvement in the recognition accuracy
compared to Vis4mer. Additionally, the proposed
temporal decoder outperforms both BERT and
Longformer when considering similar computational
complexity and parameters. Notably, the proposed
temporal decoder is simpler to implement, facilitating
deployment and application. In summary, the temporal
decoding module strikes a good balance between the
computing performance and computational complexity.

To validate the scalability and generality of the
proposed temporal decoder, experiments were conducted
on the HMDBS51 dataset by inserting the proposed

temporal decoder into various action recognition encoders
( backbones ) in addition to TokShift-Transformer and
VideoMAE. The results are summarized in Table 3. It is
demonstrated that integrating the temporal decoder leads
to varying degrees of improvement in the recognition
accuracy on the HMDBS51 dataset for all three backbone
networks. This further validates the temporal feature
extraction capabilities of the temporal decoder and
indicates its versatility in extending to other domains of
video understanding.

Table 3 Performance comparison with different encoders on
HMDB51 dataset

Top-1 accuracy/ %

Encoder
Without decoder With decoder
Timesformer 63.59 69. 54
ResNeXt3D-101 64.58 66. 14
ViT-B 52.48 61. 96
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3.4 Ablation experiments

A series of ablation experiments were conducted
based on TokShift-Transformer.
3.4.1 Number of queries for video-level action

category prediction

To investigate the impact of different query
quantities for action category prediction on model
performance, various sizes of N, were used in the
experiment. The results are presented in Table 4. It is
evident that N, has varying effects on the experimental
results. Initially, as the number of queries increases, the
model incorporates richer action information, leading to a
continuous improvement in the action recognition
accuracy. However, as the number of queries continues to
increase, it exhibits a declining trend. Based on the
experimental results, a query number of six achieves the
best results. Therefore, in subsequent experiments, unless
otherwise specified, we set the number of queries to six.

Table 4 Ablation experiment on different numbers of queries for
action category prediction on HMDB51 dataset

Number of queries Top-1 accuracy/ %

1 65.29
3 66. 14
6 67.78
10 66. 80
16 65. 42

3.4.2 Number of decoder layers

To assess the impact of different numbers of stacked
attention modules in the temporal decoder on the model,
various numbers of decoder layers L were used in the
experiments. The model performance is presented in
Table 5.

Table 5 Ablation experiment on different numbers of decoder
layers on HMDB51 dataset

Number of decoder layers Top-1 accuracy/ %

1 65.36
3 66. 34
6 67.78
12 66. 21

Similar to the impact of the number of queries for
action category prediction, the model accuracy on the
HMDBS51 dataset shows an increasing trend followed by a
decline as the number of decoder layers increases.
Comparative analyses of the results reveal that the optimal
performance is achieved when L is six. As L continues to
increase, the accuracy does not improve. This may be
attributed to the fact that excessively deep stacking of
attention modules can lead to the extraction of overly
consistent spatiotemporal features, weakening the model
ability to represent differences between various actions
and consequently reducing its action recognition

capability.
3.4.3 Cross-time spatial convolution module

We compared the impact of the cross-time spatial
convolution module on the accuracy on the HMDB51
dataset. The results are shown in Table 6. Additionally,
the effect of a single weight-shared convolution or
multiple layers of non-weight-shared convolution was also
analyzed when incorporating the cross-time spatial
convolution module.

Table 6 Impact of cross-time spatial convolution module on
accuracy on HMDB51 dataset
Model Cross-time :spatial Shz}red Top-1
convolution weight accuracy/ %
TokShift-Transformer X — 66. 27
TokShift-Transformer VvV X 66. 14
TokShift-Transformer VvV vV 67.78

The introduction of the cross-time spatial
convolution module leads to an improvement in the
accuracy by more than 1%. This module models spatial
relationships between adjacent temporal regions and
integrates with the attention mechanism of the
Transformer, aiding in a more comprehensive extraction
of spatiotemporal information and thereby enhancing the
overall model performance. Additionally, compared to
using a single weight-shared convolution, employing
multiple layers of non-weight-shared convolution leads to
a decline in the model performance. This suggests that an
excessive introduction of this module is detrimental to
network optimization and increases parameters, adding a
burden to the network. Therefore, the decoder is
constructed with a single weight-shared convolution.

4 Model Visualization

4.1 Visualization of cross-attention feature maps in
decoder

A video clip from the HMDBS51 dataset was
randomly selected as input to the model and visualized the
cross-attention feature maps for each layer of the temporal
decoder, as shown in Fig. 5. The horizontal axis
represents the temporal locations of video frame features,
indicating the time dimension, while the vertical axis
represents the sequence in the action category prediction
queries.

From Fig. 5, it can be observed that in the first layer
of the decoder, the features between action states are
relatively chaotic, and the boundaries are not clearly
defined. From the second layer to the fifth layer, the
temporal information is gradually learned by the network ,
and corresponding features for each time period are
gradually formed, presenting a pattern of vertical lines.
By the sixth layer, the model assigns different weights
based on the importance of different states within the
entire action, aiding the model in better distinguishing
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action categories. Furthermore, compared to those of the
fourth layer, the feature map weights in the sixth layer
tend to be mostly towards zero, reducing the weights of
more video frame features and filtering out a significant

Layer 1 Layer 2

0.065 0.08
0.060 0.06
0.055

Layer 5

0.08 ggg
: 0.075

0.06 0.05
0.050

amount of redundant information. The attention
mechanism segregates the most important parts, further
assisting the model in more accurately identifying and
determining video actions.

Layer 3
0.08
0.06
Layer 6

0.100

Fig. 5 Visualization of cross-attention feature maps in decoder

4.2 Qualitative analysis

We selected several video clips from the HMDB51
dataset and compared action category predictions
between the TokShift-Transformer and the model with
the proposed temporal decoder, as shown in Fig. 6. In
each case, the odd-numbered rows represent the original
video frames, while the even-numbered rows represent

’

the corresponding attention feature maps from the
TokShift-Transformer encoder with the proposed
temporal decoder. The entries within parentheses
represent the predicted action categories by TokShift-
Transformer, while those preceding the parentheses
indicate  the actual categories predicted after
incorporating the proposed decoder.

®

Fig. 6 Qualitative comparisons of samples on HMDB51 dataset: (a) cartwheel (flic_flac); (b) flic_flac ( cartwheel); (c) hit
('swing_baseball) ; (d) pick (golf); (e) run (dribble); (f) sword_exercise (draw_sword)

Upon comparison, it is evident that when faced with
highly similar actions such as “cartwheel” and “flic _

’

flac”, misclassifications occur in these video clips by
using the original model, whereas the model with the
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temporal decoder correctly identifies them. This suggests
that the temporal decoder can further extract
spatiotemporal features and effectively capture subtle
differences in actions. Additionally, comparing the
prediction results for the last two clips, it is observed that
with the temporal decoder, the model not only focuses on
local state information but also expresses global temporal
dynamics. This further illustrates that the proposed
temporal decoder can analyze contextual information in
videos, enhancing the overall temporal modeling
capability of the model. Moreover, by examining the
attention feature maps, it is apparent that the model
emphasizes key parts where actions occur, aiding in the
model ability to determine action categories.

5 Conclusions

We have proposed an efficient temporal decoding
module for video action recognition based on action
classification prediction queries. This module, by pre-
constructing a certain number of prediction queries and
leveraging the powerful global temporal modeling
capability of Transformer attention mechanisms,
autonomously learns to classify different actions. The
temporal decoder is conceptually and implementation-wise
straightforward, making it easily extensible to other
action recognition models with relatively low additional
cost for efficient temporal modeling, thus improving the
action classification accuracy. Moreover, incorporating
this temporal decoder enhances the discriminative ability
for subtle actions, particularly helpful in scenarios
involving similar action sequences. Our experiments
demonstrate that the constructed decoder improves the
recognition of actions in longer-duration videos,
effectively addressing issues related to long-range
dependencies. This study may contribute to similar tasks
in the field of video understanding in the future.
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