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Current human bone action recognition algorithms have some problems such as insufficiently detailed de-
scription of the global relationship and insufficient mining of spatio-temporal features. Therefore, this paper
proposes a novel sports action recognition based on neural tensor network and adaptive graph convolution.
Firstly, the attention mechanism and neural tensor network (NTN) algorithm are used to solve the connection
strength between each pair of joint nodes and construct the global adjacency matrix. Secondly, by using the
topK strategy, the topK neighbor nodes are dynamically selected based on the connection strength to update the
global adjacency matrix. Thirdly, the hybrid pooling model is adopted to extract the global context information
and the temporal key frame features. By simultaneously modeling joint information, bone information, joint
movement information and bone movement information, the representation ability of the features extracted
by the model for movements is strengthened. The experimental results on the Something-Something V1&V2
and Kinetics-400 datasets show that the proposed model in this paper outperforms most other advanced action
recognition methods, proving that this new model can effectively improve the performance of action recognition.
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1. Introduction

Action recognition is a challenging task that requires iden-
tifying the behavioral semantics in videos from the action
atoms with different semantics contained in video frames.
It has been widely applied in many fields such as video un-
derstanding [1], video recommendation, and human-object
interaction [2, 3] etc. The actions in the video contain a se-
ries of action atoms. The semantics of the action atoms are
explained by analyzing the temporal changes of the actions
(including moving objects or people), and objects (or peo-
ple) constantly change their actions, resulting in different
semantics of the action atoms at different times. Most of the
existing behavior recognition methods determine the video
behavior category by extracting the features of the entire
video frame, but ignore learning the regional-level features
in the video frame [4]. These methods are mainly divided

into convolution-based methods and Transformer-based
methods.

The convolution-based methods can describe the tempo-
ral changes through post-segmentation aggregation of time,
temporal translation [5, 6], and temporal dilated convolu-
tion [7] to explain the behavioral semantics of the video.
The temporal variation is manifested to a certain extent as
the action features of the video [8], and many works have
also attempted to learn the action features to improve the
temporal expression ability of the model. References [9,
10] learned action features by designing a time difference
module. Ma et al. [11] utilized the correlation of videos
to extract features. In order to select the spatio-temporal
regions related to the actions, some methods enabled the
model to pay more
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Engineering attention to the action regions of objects in the
video frames through spatio-temporal patch selection and
foreground extraction [12]. Meanwhile, there are also some
works [13, 14] that use different types of temporal attention
to enhance action-related features. Most of these methods
are based on two-dimensional convolution and still have
difficulties in learning the features of long video frames.
These methods based on three-dimensional convolution
can capture the action features of multiple frames within
local time intervals. They extend the convolutional neural
network to the time dimension through methods such as
expanding the two-dimensional convolution kernel [15]
and multi-view three-dimensional convolution [16].

These methods obtain global temporal features by sim-
ply stacking the local features learned by multi-layer three-
dimensional convolutional neural networks. However, the
features will be lost layer by layer during the propagation
process of the multi-layer network, making it difficult for
them to pay attention to the minute temporal changes be-
tween regions.

The Transformer-based methods can capture the tem-
poral relationship between frames in the global sequence.
However, by calculating the self-attention between all re-
gions in the frame, while generating a huge amount of com-
putation, the model is more likely to focus on the redundant
spatial regions rather than the behavioral semantic regions
that change over time. In addition, there are some meth-
ods that are different from completely supervised training
methods, attempting to explore new paradigms of behavior
recognition learning in the ways of self-supervision [17]
and weak supervision [18]. The above-mentioned methods
ignore the region-level features in learning video frames
and fail to analyze the changes of regional features over
time. It may not be able to pay attention to all the action
atoms in the video frames, thereby affecting the action
recognition of the video.

The main human action recognition methods based
on deep learning include convolutional neural network
(CNN), recurrent neural network (RNN), Transformer and
graph neural network (GCN). CNN, RNN and Transformer
usually process the data into a lattice structure, while the
skeletal sequence is more in line with the definition of the
graph sequence, and thus the graph convolutional network
emerged. Qiu et al. [19] introduced the concept of spatio-
temporal graphs and constructed adjacency matrices that
could reflect the topological structure of the human body.
Batool et al. [20] proposed that the convolutional layer of
the adaptive spatial graph adaptively learned the correla-
tion between joints. Peng et al. [21] proposed the central
connected graph convolutional network with significant

image features (SIFE-CGCN) to capture the minute differ-
ences between similar actions.

Although graph convolutional neural networks have
made significant progress in many fields, they still face
some challenges: (1) Most graph convolutional networks
use the topological structure of the human body to con-
struct the corresponding adjacency matrix, which cannot
fully explore the characteristics of the human body struc-
ture in the spatial dimension; (2) The interaction range of
each limb in human movement is limited, and it is unreli-
able to directly define the global relationship using the fully
connected matrix; (3) Time convolution only uses Kt × 1
convolution kernels to extract features; (4) Most networks
only model joint flows and do not fully consider other data
flows, lacking certain data support.

Therefore, this paper designs a novel sports action recog-
nition model (NTN-AGC) based on neural tensor network
and adaptive graph convolution. The main contributions
of this article are as follows. (1) By combining the global
context-aware attention with the NTN network, an inno-
vative construction method with the adaptive global ad-
jacency matrix is proposed. On the basis of improving
the accuracy of node representation, the ability to extract
the structural features of the human spatial dimension is
enhanced. (2) We adopt the topK global adjacency rela-
tionship calculation model to eliminate some unnecessary
cooperative relationships among nodes. (3) We introduce
a hybrid pooling model in the time dimension and com-
bine it with the convolution extraction method in the time
dimension to enhance the accuracy of time feature extrac-
tion. (4) The NTN-AGC model simultaneously models joint
flow, limb flow, joint motion flow, and limb motion flow
for action recognition.

2. Materials and methods

Since the traditional CNN model can only be used to han-
dle regular one-dimensional sequence or two-dimensional
matrix data, many data models in practice do not have
such a regular structure. Researchers extend the traditional
convolution to the graph structure and propose the graph
convolutional network. Graph convolution can be simply
described as superimposing all the neighbors of a node
according to different weights. The calculation formula of
the graph convolutional network is as follows.

H(l+1) = σ
(

D̃−0.5(Ã + M)
)

D̃−0.5HlW l (1)

Where, Hl represents the node feature representation of
the l− th layer. A = A + I. I is the identity matrix. D is the
degree matrix of A.M is a learnable mask. W is the weight
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parameter matrix of network learning. σ is the activation
function.

The two-stream adaptive graph convolutional network
( 2 s − AGCN ) designed by Xie et al. [22] adopted a two-
stream structure and modeled both joint flow and bone
flow simultaneously. This model learned the topology
of the graph in an end-to-end manner through the BP
algorithm. The architecture was composed of 9 layers
of adaptive graph convolutional blocks stacked together.
Each module included a spatial graph convolutional layer,
a batch normalization layer, ReLU nonlinear activation,
Dropout regularization, a temporal graph convolutional
layer, and residual connections. Here, the spatial graph
convolution layer combined the adjacency matrix repre-
senting the physical structure of the human body with the
data-dependent graph determined by the Gaussian func-
tion to form a new adjacency matrix for graph convolution
and extract spatial feature information. Although
this model performed well in capturing spatio-temporal
features, it had high computational complexity and a long
training time.

The multimodal graph self-attention network (MGSAN)
utilized the self-attention mechanism to aggregate local
and global features and enhanced the modeling ability of
the dependency relationships between different skeletal
joints through multimodal learning. However, the model
could still face the problem of high computational com-
plexity, especially when dealing with large-scale data. The
computational overhead of graph self-attention could lead
to an efficiency bottleneck. Furthermore, the model still
had certain deficiencies in aspects such as data dependence,
cross-modal fusion, and training efficiency.

The salient image feature enhanced central connected
graph convolutional network (SIFE-CGCN) proposed by
Bai et al. [23] was used to identify similar actions. This
model introduced the central connection strategy to cap-
ture the connection relationship between joints and fused
salient image features to improve motion discrimination.
Although this model had achieved excellent results in rec-
ognizing similar actions, it faced high computational over-
head. The extraction of image features was highly depen-
dent on the recognition accuracy, and the fusion of bone
data and image features still needed further optimization.

2.1. Spatio-temporal Graph Construction

In actual situations, the relationship between the joint
points is constantly changing during the motion process.
Therefore, the fixed topology diagram A in ST-GCN can-
not represent the constantly changing connection mode
between the joint points. Therefore, this paper designs an

adaptive spatio-temporal graph convolutional layer.

fout =
Kv

∑
k

Wk fin (Ak + Bk) (2)

In the formula, fin and fout are the input and output
of the convolutional layer respectively. Wk is the weight
matrix. Specifically, the adjacency matrix of a graph is
composed of two parts: Ak and Bk · Ak represents the pre-
defined topology diagram, which is used to depict the
physical connections of the human body. Bk is a graph dy-
namically generated based on sample data, reflecting the
connection strength between specific time points. In order
to determine the connection relationship and strength be-
tween the joint points, this paper applies the neural tensor
network (NTN) [24] to calculate the similarity between the
joint points and screens out the more important connec-
tions through the topK strategy. Through this adaptive
design, the adjacency matrix can be dynamically adjusted
according to the time-domain characteristics of the action to
ensure that key dynamic changes are captured at different
motion stages.

In the task of human behavior recognition, the move-
ments of the same joint point in different frames show a
certain correlation. However, the importance of the actions
of each frame to the entire motion sequence varies. This
requires assigning differentiated weight allocations to each
joint point among different frames. The global context-
aware attention mechanism is calculated by:

h =
T

∑
t=1

f
(

vT
t c
)

vt =
T

∑
t=1

f

(
vT

t tanh

(
1
T

T

∑
t=1

vt

)
W

)
vt

(3)
Where, vt is the feature of the joint point on the t frame.

c represents the global context feature of the joint point.
f represents the sigmoid activation operation. T is the
number of frames of this action sample. W is a learnable
weight matrix. c = tanh

(
1
T ∑T

t=1 vt

)
W is a simple mean

that undergoes nonlinear changes. Through the weight
matrix W, c provides the temporal global structure and
characteristic information of this joint point. According
to c, the attention weight at can be calculated for each
frame of this joint point. For the joint point vt, the attention
weight of this joint point is obtained by calculating the
inner product of c and the joint point, which can ensure
that joint points similar to the global context obtain higher
weights. Then, we apply the sigmoid function to ensure
that the value is always between (0, 1). Finally, the joint
feature h = ∑T

t=1 atvt ∈ Rc is the weighting of the frame.
The simplest way to model the relationship between

two joints based on the previously generated joint features
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is the inner product. However, the inner product will lead
to insufficient interaction between the two. Therefore, NTN
is adopted to simulate the relationship between two joint
points in this paper.

g
(

hihj

)
= f

(
hT

i W [1:k]hj + V
[

hihj

]T
+ b
)

(4)

Where hi and hj are the joint point features generated by
the attention layer. W [1:k] is the weight tensor. V is also a
weight vector. b is an offset vector of length K. f represents
the activation function. K is a hyperparameter that controls
the number of correlation scores generated by the model
for each pair ofjoints. The schematic diagram of the neural
tensor network is shown in Fig. 1.

Fig. 1. NTN network

Submission Template to Journal of Applied Science and
Engineering In actual movement, a single limb cannot in-
teract with all the limbs of the human body simultaneously,
and at different stages of movement, the interaction object
of the same limb may change over time. To solve this prob-
lem, a global adjacency relation update strategy based on
topK is proposed.

The topK strategy adaptively adjusts the adja-
cency relationship by selecting the K most rele-
vant adjacent limbs of each limb at a specific time
node. As a sorting algorithm, the main function of
ftopk (.)isto f ilteroutthepositionindexo f the f irstK elements
in the sorted vector and return it. The K value is set based
on specific experimental results.

In the generation process of the dynamic adjacency ma-
trix, the similarity between each pair of joint points is cal-
culated first through the NTN network. These similarities
reflect the connection strength between the joint points.
Then, the topK strategy is used to select the K larger values
from the similarity values to construct a sparse dynamic
adjacency matrix. For each frame, the dynamic adjacency
matrix only retains the K connections with the highest in-
teraction intensity with the target joint points. This can

effectively reduce the computational complexity and focus
on the important joint point interactions.

2.2. Temporal Hybrid Pooling

When dealing with complex action patterns, the traditional
Kt × 1 convolutional kernel is difficult to comprehensively
capture the dynamic changes at different time scales, which
may lead to the neglect of key time dimension features.
In order to effectively improve the extraction ability of
temporal features, this paper introduces a hybrid pooling
model. By combining different types of pooling operations,
the capture ability of temporal features is enhanced through
multi-level feature fusion.

The implementation process of this model includes the
following several steps. The first step is to input the fea-
tures with a size of N × C × T × V. The second step is tem-
poral convolution, which uses a kt × 1 convolution kernel
to convolve the features and then performs batch normal-
ization processing. The third step is mixed pooling. After
the output of the convolutional layer, the dimension permu-
tation operation is carried out accordingly, and then global
average pooling and maximum pooling are performed re-
spectively, as shown in equation (5). f2 is the normalized
feature. fT is the feature after mixed pooling. Step 4 is fea-
ture enhancement. The feature fT is processed using 1 × 1
convolution, normalization is implemented with softmax,
and the feature size is restored to the state before pooling
through expand. Then, the permutation operation is per-
formed again. The process is shown as equation (6). f3 is
the feature after the re-displacement operation. Step 5 is
the output. It introduces the residual Res, adds f4 and f1

to obtain the feature output fout , as shown in equation (7).

fT = Concat (Maxpool ( f2) , Avgpool ( f2))

=
2

c × V

c

∑
k=1

V

∑
j=1

f2(k, j) (5)

f4 = f1 × f3

=
C

∑
k=1

T

∑
i=1

V

∑
j=1

f k
1 (i, j) f k

3 (i, j) (6)

fout = Res ( f1 f4) = f1 + f4 (7)

In step 3, by exchanging the channel dimension and the
time dimension, the sensitivity of the model to the dynamic
changes of the time series is enhanced. The above content
reveals the advantages of the hybrid pooling model, which
can simultaneously extract the key frame action features
and global context features in the time dimension. When
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these features are combined with the features obtained
through temporal convolution, the capture efficiency of the
temporal dimension characteristics of action information
can be significantly improved.

2.3. Overall Multi-stream Architecture

This paper uses a multi-stream structure framework to
model the joint information, skeletal information, joint
motion information and skeletal motion information re-
spectively, and enhances the action recognition effect by
extracting more features. Fig. 2 describes the overall struc-
ture of the multi-stream adaptive spatio-temporal graph
convolutional network. First, it preprocesses the bone
data to obtain the original data, and then extracts the
features and inputs them into the model. The model
achieves full-process end-to-end training from input to
output through the spatio-temporal graph convolution
module of the L layers. Supposing the coordinates of
the two joint points of the bone are v1 = (x1, y1, z1) and
v2 = (x2, y2, z2), then the coordinates of the bone are
bone(v1,v2) = (x2 − x1, y2 − y1, z2 − z1).

Motion information refers to the variation of the same
joint point between different frames.

Suppose the coordinate of the i− th joint point of the t−
th frame is vi,t, then the motion information is motion i,t =

vi,t − 0.5vi,t−1 + vi,t+1. The calculation of bone movement
information is the same. Finally, the classification results of
the multi-stream network are weighted and summed. The
specific weight ratio is determined by the experiment.

Fig. 2. The overall structural framework of the proposed
model

3. Results and discussion

3.1. Experiment data sets and experiment settings

This paper conducts experiments on three public datasets
for behavior recognition. The

Something-Something V1 dataset contains 108499 video
clips, covering 174 action categories. The Something-
Something V2 dataset is an extension of the Something-
Something V1 dataset. It contains 220847 video clips, cov-
ering 174 action categories, and the average duration of
the video clips is 4 s . The Something-Something dataset

collects the same actions performed on different objects and
identifies action categories more by learning the temporal
characteristics of the objects. Kinetics-400 contains 300k
video clips, covering 400 action categories, and the average
duration of the video clips is 10 s . The Kinetics-400 dataset
is collected from YouTube videos related to daily life, and
the action categories are highly relevant to the features of
objects and scenes.

In the training stage, this paper uses the sparse sam-
pling method in reference [25] to extract T frames from
each video clip (in the experiment, T = 8 or T = 16 ).
It adjusts the shorter side of the video frame to 256 , uti-
lizes center cropping and zoom jitter, and finally inputs
the cropped image with a shape of 224 × 224 × 3 into the
network. For the global time memory module in the local-
global time feature learning module, we set the number of
feature channels after compression C′ = C/16. Setting the
channel ratio parameter α to 0.5. In the regional semantic
learning module, we set the number of regional semantic
convolution kernels Ch to be learned as 8 . The learning
rate and weight of the final classification layer of the net-
work decay to five times that of stage 2 to stage 5 . On the
Something-Something V1 and Something-Something V2
datasets, the batch size, initial learning rate, weight decay
and dropout are set to 64, 0.02, 5e−4 and 0.5 respectively.
On the Kinetics400 dataset, these hyperparameters are set
to 64, 0.01, 1e−4 and 0.5 respectively. Small-batch stochas-
tic gradient descent is used as the optimizer on all three
datasets for a total of 50 epochs, and the learning rate is
reduced to one-tenth of the original in the 30th, 40th, and
45th epochs.

3.2. Comparison experiments

Table 1 shows the comparative experimental results of
the proposed method in this paper with other existing
advanced methods on the Something-Something V1&V2
dataset. The comparison contents include the computa-
tional cost of the model (FLOPS), the number of model
parameters (Param), and the classification accuracy rates
of top- 1 and top- 5 under different reasoning strategies.
SAM-STI uses three-dimensional spatio-temporal attention
to enhance temporal features. ST-Adapter and TPS are
Transformer-based methods, which adopt self-attention
for spatio-temporal modeling of long sequences. STDN
and GSF enhance the spatio-temporal expression ability
by improving the two-dimensional convolutional neural
network. SIFA and FMENet seek to improve the recogni-
tion accuracy through the inter-frame relationship. STDN
introduces spatio-temporal hybrid adaptive convolution,
which aggregates local and global features using channel,
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time, space, and spatio-temporal joint attention respectively.
After decomposing the characteristics of spatio-temporal
interaction through the spatio-temporal gating mechanism,
GSF models time and space respectively. They lack atten-
tion to the areas where time changes. SIFA studies the dif-
ferences between adjacent frames, obtains the temporal at-
tention within the local deformation area from it, thereby es-
timating the offsets of objects at different times and achiev-
ing the alignment of the behavioral semantics of adjacent
frames. FMENet increases the focus on the relevant action
regions through inter-frame differences and encodes the
semantics of video behaviors using multi-layer receptive
fields. However, they lack the learning of semantic changes
in the global regions within video frames. The proposed
NTN-AGC method enhances the local temporal features by
using local temporal attention and further aggregates the
global temporal regional features. It uses regional semantic
learning to construct variable convolution kernels. The vari-
able convolution kernel can learn the behavioral semantic
features that change over time, and finally fuse the variable
regional features with the global temporal regional features
for feature enhancement. From the experimental results,
the NTN-AGC has achieved significant performance gains.
Compared with the existing methods, it has surpassed the
classification accuracy of most methods on the Something-
Something V1&V2 datasets.

Table 2 presents the results of the comparative experi-
ments on the Kinetics-400 dataset. When using the model
with 8 -frame input, the NTN-AGC method in this pa-
per is superior to other methods such as FEXNet, T-STFT,
and GSF. From the perspective of the characteristics of the
dataset, the Kinetics-400 is human-centered. Among the
contained videos, most are human-related behaviors, in-
cluding daily life behaviors and some common activities,
such as brushing teeth and catching fish. The action types
in this dataset are highly correlated with the scenes. The
network model may be able to infer the action types merely
from the appearance features of the spatial background of
the video frames, and the behavioral semantic changes be-
tween frame sequences are relatively small. The NTN-AGC
method mainly improves the performance of the model in
the behavior recognition task by focusing on the regional
semantic changes in video frames. Therefore, the advan-
tages of the NTN-AGC method cannot be fully reflected
on the Kinetics-400 dataset. However, from the experimen-
tal results, the NTN-AGC still outperforms most existing
methods on the Kinetics-400 dataset. In terms of the top-1,
it has improved by 0.4% compared to the best method in
Table 2.

In this section, a series of ablation experiments are con-

ducted on the proposed model to verify the validity of
each part of the model. The ablation experiments use the
Something-Something V1 dataset. This paper studies the
effectiveness of the local-global temporal feature learning
module (LGTFL), the regional semantic learning module
(RSL), and the regional semantic fusion module (RSF). As
shown in Table 3, the first row is the benchmark model of
this paper. Firstly, ablation studies are conducted on the
two parts in the local-global time feature learning module.
When only local time enhancement (LTE) is carried out,
due to the lack of attention to global features, the final ef-
fect gain is not obvious. It can be seen from row 3 and row
4 that global time memory (GTM) significantly improves
the classification accuracy. This is because videos are com-
posed of a series of frame sequence features, and global
modeling is very necessary for sequence features. Ignoring
global time features will have a great impact on the deter-
mination of the final video behavior category. After adding
the regional semantic learning module, the model can learn
the temporal variations in the video frame sequence more
fully from the global temporal regional features. Therefore,
the accuracy rate has also been greatly improved. The fi-
nal regional semantic fusion further enhances the variable
regional features and the global temporal features. Experi-
ments show that each module proposed in this paper has
improved the accuracy of behavior recognition.

4. Conclusions

This paper proposes a human bone action recognition
model based on a multi-stream adaptive spatio-temporal
graph convolutional network. The connection strength
between the joint points is calculated using the attention
mechanism and the NTN algorithm to construct the global
adjacency matrix. The topK strategy is adopted to dynam-
ically select the topK neighbor nodes, update the global
adjacency matrix, and further describe the global relation-
ship in detail. The hybrid pooling model is adopted to
extract the global context features and the time key frame
features, and the time features are further fully extracted.
Modeling the information of joints, bones, joint movements
and bone movements simultaneously further enhances the
representation ability of the features extracted by the model
for movements. The experimental results show that the
proposed model has achieved good performance in the task
of human bone action recognition and effectively improved
the accuracy of action recognition. The experimental re-
sults not only prove the advantages of multi-stream input
in capturing action features, but also provide a reference
for subsequent research. Future work can further explore
the fusion methods of other information flows and their
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Table 1. Comparison experiments on Something-Something V1&V2

Model FLOPs(G) Param(M) V1 V2

top1/% top5/% top1/% top5/%
FEXNet [26] 37 × 1 × 1 35 48.2 76.3 60.2 66.5

SAM-STI [27] 52 × 1 × 1 33 49.8 78.5 60.7 87.1
ST-Adapter [28] 71 × 1 × 1 31 51.6 79.6 61.9 87.9

TPS [29] 72 × 1 × 1 31 52.3 80.1 62.8 88.6
SIFA-Net [30] 25 × 3 × 1 30 53.1 80.3 64.9 88.9

STDN [31] 43 × 3 × 2 29 54.8 81.6 65.2 89.5
GSF [32] 67 × 3 × 2 24 54.9 81.9 65.9 89.7

FMENet [33] 71 × 3 × 2 26 55.6 82.5 71.3 90.5
NTN-AGC 73 × 3 × 2 28 58.7 86.4 73.8 91.2

Table 2. Comparison experiments on Kinetics-400

Method top1/% top5/%
SAM-STI 71.9 89.9
T-STFT 75.1 90.9
FEXNet 75.5 91.2

GSF 74.9 92.3
NTN-AGC 75.9 93.1

Table 3. The influence of different modules on the model

LGTFL RSL RSF top-1/% difference value/%
LTE GTM
× × × × 46.2 0√ × × × 46.9 0.7
× √ × × 48.3 2.1
√ √ × × 48.7 2.5
√ √ √ × 49.4 3.2
√ √ √ √ 49.8 3.6

impact on the model performance, while expanding the
diversity of datasets and scenarios to further enhance the
generalization ability and application scope of the model.
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