ACTION RECOGNITION METHOD AND APPARATUS, AND DEVICE AND
STORAGE MEDIUM

CROSS-REFERENCE TO RELATED APPLICATION

[0001] This application claims priority to Chinese Patent Application No. 202010431706.9
filed with the China National Intellectual Property Administration on May 20, 2020, the

disclosure of which is incorporated herein by reference in its entirety.

TECHNICAL FIELD

[0002] Embodiments of the present disclosure relate to the technical field of computer vision
application, and in particular, relates to an action recognition method and apparatus, a device,

and a storage medium.

BACKGROUND

[0003] Video-based action recognition is an important part of computer vision research.
Implementation of video-based action recognition mainly includes feature extraction and
representation, and feature classification. Classical methods such as density trajectory tracking
are generally manual feature design methods. In recent years, people find that deep learning has
a powerful feature representation capability. Therefore, an action recognition method based on
a neural network gradually becomes a mainstream method in the field of action recognition. In
comparison with the manual feature design methods, performance of this action recognition
method is greatly improved.

[0004] At present, in most neural network-based action recognition solutions, a time sequence
relationship is constructed based on sequence images acquired from a video to determine an
action. For example, a time sequence of images is constructed based on a recurrent neural
network (RNN), time sequence information of a plurality of images is extracted based on 3D

convolution, and optical flow information of an action change is superimposed based on deep



learning of images. The foregoing solutions have a problem that a computing amount and

recognition accuracy cannot be both considered and need to be improved.

SUMMARY

[0005] An overview of subject matters detailed in the present disclosure is provided below,
which is not intended to limit protection scope of claims.

[0006] Embodiments of the present disclosure provide an action recognition method and
apparatus, a device, and a storage medium to optimize action recognition solutions for videos in
the related art.

[0007] According to a first aspect of embodiments of the present disclosure, an action
recognition method is provided. The method includes: acquiring grouped video data by
grouping original compressed video data; inputting the grouped video data into a first
predetermined model and determining, based on an output result of the first predetermined
model, target grouped video data containing an action; acquiring to-be-recognized grouped
video data by decoding the target grouped video data; and inputting the to-be-recognized
grouped video data into a second predetermined model and determining, based on an output
result of the second predetermined model, a type of an action contained in the to-be-recognized
grouped video data.

[0008] According to a second aspect of embodiments of the present disclosure, an action
recognition apparatus is provided. The apparatus includes: a video grouping module, a target
grouped video determining module, a video decoding module and an action type recognition
module.

[0009] The video grouping module is configured to acquire grouped video data by grouping
original compressed video data. The target grouped video determining module is configured to
input the grouped video data into a first predetermined model and determine, based on an
output result of the first predetermined model, target grouped video data containing an action.
The video decoding module is configured to acquire to-be-recognized grouped video data by
decoding the target grouped video data. The action type recognition module is configured to

input the to-be-recognized grouped video data into a second predetermined model and



determine, based on an output result of the second predetermined model, a type of an action
contained in the to-be-recognized grouped video data.

[0010] According to a third aspect of embodiments of the present disclosure, a computer
device is provided. The computer device includes a memory, a processor, and a computer
program stored in the memory and executable on the processor. The processor, when loading
and executing the computer program, is caused to perform the action recognition method
provided in the embodiments of the present disclosure.

[0011] According to a fourth aspect of embodiments of the present disclosure, a
computer-readable storage medium storing a computer program therein is provided. The
computer program, when loaded and executed by a processor, cause the processor to perform

the action recognition method provided in the embodiments of the present disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012] FIG. 1 is a schematic flowchart of an action recognition method according to some
embodiments of the present disclosure;

[0013] FIG. 2 is a schematic diagram of frame arrangement in a compressed video according
to some embodiments of the present disclosure;

[0014] FIG. 3 is a schematic diagram of feature shift (FS) according to some embodiments of
the present disclosure;

[0015] FIG. 4 is a schematic flowchart of another action recognition method according to
some embodiments of the present disclosure;

[0016] FIG. 5 is a schematic diagram of an action recognition process based on a compressed
video stream according to some embodiments of the present disclosure;

[0017] FIG. 6 is a schematic diagram of a structure of a first 2D residual network according to
some embodiments of the present disclosure;

[0018] FIG. 7 is a schematic diagram of action labels according to some embodiments of the
present disclosure;

[0019] FIG. 8 is a schematic flowchart of another action recognition method according to

some embodiments of the present disclosure;



[0020] FIG. 9 is a schematic diagram of an application scenario of action recognition based on
a short video according to some embodiments of the present disclosure;

[0021] FIG. 10 is a schematic diagram of an action recognition process based on sequence
images according to some embodiments of the present disclosure;

[0022] FIG. 11 is a schematic diagram of a structure of a second 2D residual network
according to some embodiments of the present disclosure;

[0023] FIG. 12 is a schematic diagram of a structure of a 3D residual network according to
some embodiments of the present disclosure;

[0024] FIG. 13 is a schematic diagram of two-level multi-receptive-field pooling according to
some embodiments of the present disclosure;

[0025] FIG. 14 is a block diagram of a structure of an action recognition apparatus according
to some embodiments of the present disclosure; and

[0026] FIG. 15 is a block diagram of a structure of a computer device according to some

embodiments of the present disclosure.

DETAILED DESCRIPTION

[0027] The present disclosure is described in detail below with reference to the accompanying
drawings and embodiments. It is understandable that exemplary embodiments described herein
are merely serve to explain the present disclosure, and do not constitute an improper limitation
of the present disclosure. It should be noted that for convenience of description, only a partial
structure related to the present disclosure rather than all the structure is shown in the
accompany drawings. In addition, the embodiments in the present disclosure and characteristics
in the embodiments can be mutually combined in the case of no conflict.

[0028] Action recognition solutions in the embodiments of the present disclosure is applied to
various action recognition scenarios for videos, such as a short video review scenario, a video
monitoring scenario, a real-time call recognition scenario, and a robot vision recognition
scenario. The video is a video file or a video stream.

[0029] At present, in most neural network-based action recognition solutions, an action is

determined by constructing a time sequence relationship based on sequence images acquired



from a video. For example, a time sequence of images is constructed based on an RNN, a long
short-term memory (LSTM) network, or the like, time sequence information of a plurality of
images is extracted based on 3D convolution, and optical flow information of an action change
is superimposed based on deep learning of images.

[0030] The short video review scenario is taken as an example. Action recognition methods
based on sequence images have at least the following two deficiencies. First, these technical
solutions all require a lot of computing resources to make a judgment on a short video and
heavily rely on computing power of a central processing unit (CPU) and a graphics processing
unit (GPU) of a machine. In addition, extracting images from a compressed short video requires
decoding (a technology for decoding a compressed video into images). However, full-time
long-term decoding of the short video requires a lot of CPU and GPU computing power.
Consequently, the image-based action recognition solutions require high computing power of
the machine. As an interval for acquiring frames from the short video decreases, there is a linear
growth relationship between demand for computing resources and duration of the short video.
Secondly, in the technical solutions based on the RNN and optical flow, machine review
accuracy is low. To ensure a recall rate of a target action, a push ratio of machine review is
bound to increase, resulting in more labor demand during manual review and higher review
costs. It is learned therefrom that the foregoing solutions have a problem that a computing
amount and recognition accuracy cannot be both considered and need to be improved. The
problem also exists in other similar application scenarios in addition to the short video review
scenario.

[0031] FIG. 1 is a schematic flowchart of an action recognition method according to some
embodiments of the present disclosure. The method is performed by an action recognition
apparatus. The apparatus is implemented by software and/or hardware, and generally integrated
in a computer device. The computer device is a server or a device such as a mobile phone. Or
two or more devices are configured to respectively perform some processes of the method. As
shown in FIG. 1, the method includes following processes.

[0032] In 101, grouped video data is acquired by grouping original compressed video data.
[0033] Exemplarily, a large amount of image and sound information are contained in video

data. Generally, compressed video data is acquired by compressing and encoding the video data
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during transmission or storage. The compressed video data is referred to as the original
compressed video data in the embodiments of the present disclosure. An encoding standard and
an encoding parameter are not limited. For example, H.264, H.265, or MPEG-4 is used for
encoding.

[0034] Exemplarily, interval compressed videos (hereinafter referred to as segments for short)
are acquired by performing interval division on the original compressed video data based on a
predetermined grouping rule. The interval compressed video is taken as the grouped video data,
or some data is selected from the interval compressed video as the grouped video data. The
predetermined grouping rule includes an interval division time interval, that is, duration
corresponding to each interval compressed video after the interval division. The interval
division time interval is constant or variable, which is not limited. Taking a short video review
scenario as an example, the interval division time interval is 5 seconds. Alternatively, the
predetermined grouping rule includes a number of intervals, wherein the number is not limited.

[0035] It should be noted that although the interval compressed video is referred to as the
segment for short in this specification, this is only for convenience of description, and the
grouping and interval division do not involve segmenting or cutting the original compressed
video to avoid introducing additional computing power and storage and ensure efficiency of
engineering development. The grouping and interval division are completed by using
timestamps. That is, a range of the grouped video data or the interval compressed video is
limited by start and end timestamps. This process is understood as extracting data of different
time periods from the original compressed video data and separately inputting the data to a first
predetermined model. The interval division time interval being 5 seconds is taken as an
example. Data corresponding to Os to 5s in the original compressed video is a segment of
grouped video data, and data corresponding to 5s to 10s is a segment of grouped video data.
The 2 segments of data are separately input into the first predetermined model.

[0036] In 102, the grouped video data is input into the first predetermined model, and target
grouped video data containing an action is determined based on an output result of the first
predetermined model.

[0037] Exemplarily, during grouping the original compressed video data, when a segment of

grouped video data is acquired, the segment is input into the first predetermined model to
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improve computing efficiency. Or all segments of grouped video data are input into the first
predetermined model in sequence or in parallel after the grouping is completed, thereby
ensuring that coarse-grained action recognition is performed after the grouping is accurately
completed.

[0038] Exemplarily, the first predetermined model is a pre-trained neural network model,
which is directly loaded when needed to be used. The model is mainly configured to recognize
whether an action is contained in the grouped video data, regardless of which action it is. An
action label is determined as binary classification, such as "yes" and "no." Binary classification
labels are marked on training samples of the first predetermined model. In this way, segments
containing actions are acquired based on the output result of the first predetermined model, and
the corresponding grouped video data is determined as the target grouped video data. Since a
type of an action does not need to be recognized, that is, only coarse-grained recognition is
performed, a computing amount of the first predetermined model is small. In addition, the
recognition is performed without decoding, such that a lot of decoding computing power is
saved. Meanwhile, a large number of video segments containing no action are excluded, and
video segments containing an action are retained for subsequent recognition.

[0039] A network structure and related parameters of the first predetermined model are not
limited in the embodiments of the present disclosure, which is determined based on actual
requirements. For example, the first predetermined model is a lightweight model.

[0040] In 103, to-be-recognized grouped video data is acquired by decoding the target
grouped video data.

[0041] Exemplarily, an appropriate decoding manner is selected with reference to factors such
as an encoding standard of the original compressed video, which is not limited. After the target
grouped video data is decoded, acquired video images is taken as the to-be-recognized grouped
video data (the decoded video images are generally arranged in a time sequence, namely,
sequence images, and the to-be-recognized grouped video data includes time sequence
information of the video images). Other information are further extracted and contained in the
to-be-recognized grouped video data. The other information may be frequency domain (FD)

information.



[0042] In 104, the to-be-recognized grouped video data is input into a second predetermined
model, and a type of an action contained in the to-be-recognized grouped video data is
determined based on an output result of the second predetermined model.

[0043] Exemplarily, the second predetermined model is a pre-trained neural network model,
which is directly loaded when needed to be used. The model is mainly configured to recognize
the type of the action contained in the to-be-recognized grouped video data, that is, to perform
fine-grained recognition. Multi-classification labels are marked in training samples of the
second predetermined model, such that a final action recognition result is determined based on
the output result of the second predetermined model. After the preliminary screening in the
foregoing processes, data input in the second predetermined model is greatly reduced compared
with the original compressed video data, and data purity is much higher than that of the original
compressed video data. A number of video segments to be recognized has a low order of
magnitude, such that the decoded sequence images can be used for recognition. In some
embodiments, time sequence features are extracted by using a 3D convolutional network
structure with many neural network parameters, and labels are multi-classified and
finer-grained. A number of labels is not limited, for example 50, which is adjusted based on
recognition accuracy.

[0044] In the action recognition method provided in the embodiments of the present disclosure,
the grouped video data is acquired by grouping the original compressed video data; the grouped
video data is input into the first predetermined model, and the target grouped video data
containing the action is determined based on the output result of the first predetermined model;
the to-be-recognized grouped video data is acquired by decoding the target grouped video data;
and the to-be-recognized grouped video data is input into the second predetermined model, and
the type of the action contained in the to-be-recognized grouped video data is determined based
on the output result of the second predetermined model. In the foregoing technical solutions,
before a compressed video is decompressed, the video segment containing the action is
acquired by using the first predetermined model to perform rough screening, and then the type
of the contained action is accurately recognized by using the second predetermined model, such
that the computing amount is effectively reduced on the premise of ensuring the recognition

accuracy, and action recognition efficiency is improved.
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[0045] It should be noted that in some application scenarios such as video review, a client for
video uploading and a server for video review are generally included. Processes 101 and 102
are performed on the client due to a small computing amount, that is, the client performs the
preliminary screening on a compressed video to be uploaded and upload the target grouped
video data containing the action to the server for recognition and review. In addition, for some
devices with high configuration, the entire recognition process, namely, processes 101 to 104,
alternatively are performed on the client to implement control such as determining whether to
allow video uploading based on the finally recognized type of the action.

[0046] In some embodiments, acquiring the grouped video data by grouping the original
compressed video data includes: acquiring interval compressed video by performing interval
division on the original compressed video data based on the predetermined grouping rule; and
acquiring the grouped video data by extracting | frame data and P frame data in each of the
interval compressed videos based on a predetermined extraction policy, wherein the P frame
data includes motion vector (MV) information and/or pigment change residual information
corresponding to a P frame. In the technical solutions provided in the embodiments of the
present disclosure, feature data that is used for action recognition in the compressed video data
is rapidly extracted, and the recognition efficiency is improved.

[0047] An | frame, also referred to as a key frame, is an image included in the compressed
video. The P frame, also referred to as a forward-predicted frame, generally includes change
information of a reference | frame in the compressed video the P frame includes MV
information and RGB residual frame (RGBR) information. One | frame is generally followed
by a plurality of P frames, and distribution or content of the | frame and the P frame may be
different in different encoding modes. For example, the predetermined grouping rule is as
described above, and includes the interval division time interval or the number of segments.
The predetermined extraction policy includes an | frame extraction policy and a P frame
extraction policy. The | frame extraction policy includes a time interval for acquiring the |
frame or a number of | frames acquired in a unit time, such as 1 | frame per second. The P
frame extraction policy includes a number of P frames acquired following the | frame and a
time interval between every two P frames acquired. For example, the number is 2. An interval

compressed video whose duration is 5 seconds is taken as an example. Data corresponding to 5
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| frames and 10 P frames are acquired. In a case that the P frame data includes both MVs and
RGBRs, 10 MVs and 10 RGBRs are acquired.

[0048] In some embodiments, the first predetermined model includes a first 2D residual
network, a first concatenation layer, and a first fully connected (FC) layer. Feature maps with a
same dimension is acquired by inputting the grouped video data into the first predetermined
model and processing the grouped video data by the first 2D residual network. A concatenated
feature map is acquired by concatenating the feature maps by the first concatenation layer based
on a frame sequence. A classification result of whether an action is contained is acquired by
processing the concatenated feature map by the first FC layer. In the technical solutions
provided in the embodiments of the present disclosure, a simple network result is used to
achieve high recognition efficiency, and a high recall rate of video segments containing an
action is ensured.

[0049] For example, the first 2D residual network uses a lightweight ResNet18 model.
Because the | frame, MV, and RGBR cannot be directly concatenated in terms of data features,
the feature maps with the same dimension are acquired by using 3 ResNetl8 models to
separately process the | frame, MV, and RGBR, which are denoted as an | frame feature map,
an MV feature map, and an RGBR feature map. The MV feature map and the RGBR feature
map are collectively referred to as P frame feature maps. The same dimension means that
C*H*W are identical, wherein C represents a channel, H represents a height, W represents a
width, and * may be represented as x. After the processing, the feature maps with the same
dimension are concatenated by the first concatenation layer.

[0050] In some embodiments, acquiring the grouped video data by extracting the | frame data
and the P frame data in each of the interval compressed videos based on the predetermined
extraction policy includes: extracting the | frame data and the P frame data in each of the
interval compressed videos based on the predetermined extraction policy; cumulatively
transforming the P frame data such that transformed P frame data depends on the forward
adjacent | frame data; and determining the grouped video data based on the | frame data and the
transformed P frame data. Correspondingly, the first predetermined model further includes an
addition layer located before the concatenation layer, a feature map corresponding to the P

frame data in the feature maps is denoted as the P frame feature map, and a feature map
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corresponding to the | frame data in the feature maps is denoted as the | frame feature map. A P
frame feature map to which the | frame feature map is added is acquired by processing the P
frame feature map and the | frame feature map by the addition layer. The concatenated feature
map is acquired by concatenating the | frame feature map and the P frame feature map acquired
upon the addition by the first concatenation layer based on the frame sequence. In the technical
solutions provided in the embodiments of the present disclosure, a closer information
association with the | frame is provided through the cumulative transformation, and more
comprehensive information to be recognized is provided through the addition in the neural
network.

[0051] H.264 is taken as an example. FIG. 2 is a schematic diagram of frame arrangement in a
compressed video according to some embodiments of the present disclosure. As shown in FIG.
2, from a second P frame, an MV and RGBR of each P frame depend on a previous P frame (for
example, a P2 frame depends on a P1 frame). The MV and RGBR of the P frame are
cumulatively transformed to make a correlation between the P frame and the | frame closer, and
the MV and RGBR of the P frame acquired and input into the neural network are relative to the
previous | frame (for example, the P2 frame becomes dependent on the previous | frame after
the cumulative transformation), rather than relative to the previous P frame. The addition is
directly adding the MV feature map and the RGBR feature map to the output of the I frame (I
frame feature map acquired after the processing of the first 2D residual network) based on each
element (pixel) by referring to a residual addition manner in ResNet. Then, the 3 feature maps
are concatenated based on the frame sequence.

[0052] In some embodiments, an FS layer is included in the first predetermined model,
wherein the FS layer is before a residual structure of the first 2D residual network. Up-shifted
and/or down-shifted grouped video data is acquired by processing the grouped video data by the
FS layer prior to being input into the residual structure. In the technical solutions provided in
the embodiments of the present disclosure, before the feature map is input into the residual
structure, that is, before a convolution is performed, some features of the feature map are
shifted. In this way, the feature map includes some features in feature maps at different time
points. When the convolution is performed, the feature map includes time sequence information.

The time sequence information is acquired and fused on the premise of basically not increasing
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the computing amount. Information about the feature map to be recognized is enriched, and the
recognition accuracy is improved. In comparison with a solution based on 3D convolution or
optical flow information in the related art, the computing amount is effectively reduced.

[0053] For example, FIG. 3 is a schematic diagram of FS according to some embodiments of
the present disclosure. As shown in FIG. 3, the MV feature map is taken as an example. For
convenience of description, FIG. 3 shows only a process of performing FS on 3 MV feature
maps. The 3 MV feature maps correspond to different time points. It is assumed that each of the
MYV feature maps is divided into 4 parts, a first part is down-shifted, and a second part is up
shifted. The second MV feature map after the FS includes some features of the MV feature
maps at 3 time points. In practical application, a division rule and a part that is up-shifted and/or
down-shifted may be determined based on an actual situation.

[0054] In some embodiments, extracting the P frame data in each of the interval compressed
videos based on the predetermined extraction policy includes: extracting a predetermined
number of P frame data in each of the interval compressed videos in an equal-interval manner;
wherein a predetermined number of P frame data in each of the interval compressed videos is
extracted in a random-interval manner during training of the first predetermined model. In the
technical solutions provided in the embodiments of the present disclosure, robustness of the
first predetermined model is improved.

[0055] FIG. 4 is a schematic flowchart of another action recognition method according to
some embodiments of the present disclosure. Refinement is performed based on the foregoing
exemplary embodiments. For example, the method includes following processes.

[0056] In 401, interval compressed videos are acquired by performing interval division on
original compressed video data based on a predetermined grouping rule.

[0057] In some embodiments, the original compressed video is enhanced by using a
predetermined video and image enhancement policy. The enhancement policy is selected based
on data requirements of business and configurations such as a driver. A same enhancement
policy may be used during model training and model application.

[0058] In 402, | frame data and P frame data in each of the interval compressed videos are

extracted based on a predetermined extraction policy.
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[0059] The P frame data includes MV information and/or pigment change residual
information corresponding to a P frame.

[0060] In 403, the P frame data is cumulatively transformed such that transformed P frame
data depends on the forward adjacent | frame data, and grouped video data is determined based
on the | frame data and the transformed P frame data.

[0061] In 404, the grouped video data is input into a first predetermined model, and target
grouped video data containing an action is determined based on an output result of the first
predetermined model.

[0062] For example, FIG. 5 is a schematic diagram of an action recognition process based on
a compressed video stream according to some embodiments of the present disclosure. A
compressed video is divided into n segments, and S2 is taken as an example. The extracted |
frame data, MV data, and RGBR data are input into the first predetermined model. The first
predetermined model includes a first 2D residual network, an addition layer, a first
concatenation layer, and a first FC layer. The first 2D residual network is 2D Res18, and an FS
layer is included in the first predetermined model, wherein the FS layer is before a residual
structure thereof. In some embodiments, during the training of the first predetermined model, a
training manner is selected based on actual requirements, including a loss function or the like.
For example, the loss function uses cross entropy. Other auxiliary loss functions may further be
used to improve a model effect. In addition, some non-heuristic optimization algorithms are
used to improve a convergence speed of stochastic gradient descent and optimize performance.
[0063] FIG. 6 is a schematic diagram of a structure of a first 2D residual network according to
some embodiments of the present disclosure. As shown in FIG. 6, 2D Res18 is an 18-layer
residual neural network composed of 8 residual blocks using 2D convolution in 4 stages. A
network structure is shallow. To fully extract features by using convolution layers as much as
possible, the 8 2D residual blocks uses 3*3 convolution, that is, a convolution kernel parameter
is 3*3. The convolution layer is generally a network layer used to perform weighted summation
of local pixel values and nonlinear activation. To reduce a number of channels for the operation
of the convolution layer and further reduce a number of parameters, each 2D residual block
uses a design concept of bottleneck, that is, each residual block is composed of 3 convolution

layers (whose convolution kernel parameters are 1*1, 3*3, and 1*1). A first layer and a last
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layer are separately used to compress and restore image channels. The structure and parameters
of the first 2D residual network are alternatively adjusted based on actual requirements.

[0064] As shown in FIG. 5, up-shifted and down-shifted | frame data, MV data, and RGBR
data are acquired by separately processing the | frame data, MV data, and RGBR data by the FS
layer prior to being input into the 2D Res18 residual structure (namely, 2D residual block).
Then, feature maps with same C*H*W are acquired by processing the shifted data by the
residual structure. The MV feature map and the RGBR feature map are added by the addition
layer to the output of the | frame based on each element by referring to a residual addition
manner in ResNet. Then, a concatenated feature map is acquired by concatenating the 3 feature
maps based on the frame sequence. A classification result of whether an action is contained is
acquired by processing the concatenated feature map by the first FC layer.

[0065] FIG. 7 is a schematic diagram of action labels according to some embodiments of the
present disclosure. The last 2 circles in FIG. 5 indicate that the output is binary classification.
The action label is determined as binary classification to ensure that the recall of segments
containing an action is improved. A label granularity is whether an action is contained. Only a
binary classification level of "yes" or "no" is designed, that is, which action is contained is not
cared. As shown in FIG. 7, during model training, a short video used for training is divided into
6 segments. A segment S2 contains an action Al. A segment S4 contains an action A2. Al and
A2 are 2 different actions. However, labels corresponding to the 2 actions are the same, and
both are set to 1. That is, a difference between the actions Al and A2 is not distinguished.
Therefore, in practical application, the output result of the first predetermined model is also
"yes" or "no," and coarse-grained recognition of the action in the compressed video is
implemented.

[0066] In 405, to-be-recognized grouped video data is acquired by decoding the target
grouped video data.

[0067] In 406, the to-be-recognized grouped video data is input into a second predetermined
model, and a type of an action contained in the to-be-recognized grouped video data is
determined based on an output result of the second predetermined model.

[0068] In the action recognition method provided in the embodiments of the present disclosure,

action recognition is performed based on the compressed video. The | frame, and MV and
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RGBR information of the P frame are extracted without decompressing the video. The MV and
RGBR are changed to increase information dependence on the | frame. In this way, a large
number of videos with indefinite duration is processed with less computing power requirements.
Extraction of the time sequence information by the model is added through FS without
computing power requirements. Computing efficiency is not reduced when a capability of the
model is enhanced. The label granularity of the action is redesigned to ensure a recall goal. The
model is used to process a simple binary classification problem, such that the recall rate is
improved. Preliminarily screened video segments containing an action are accurately
recognized. A computing amount is effectively reduced on the premise of ensuring recognition
accuracy, and action recognition efficiency is improved.

[0069] In some embodiments, acquiring the to-be-recognized grouped video data by decoding
the target grouped video data includes: acquiring a to-be-recognized segmented video image by
decoding the target grouped video data; acquiring FD information in the to-be-recognized
segmented video image, and generating a corresponding FD graph based on the FD information;
and determining the to-be-recognized segmented video image and the corresponding FD graph
as the to-be-recognized grouped video data. In the technical solutions provided in the
embodiments of the present disclosure, image information is enriched, and accuracy of the
second predetermined model is improved.

[0070] In some embodiments, the second predetermined model includes a model based on an
efficient convolutional network for online video understanding (ECO) architecture. The ECO
architecture is understood as a video feature extractor, and provides architecture design for
acquiring video features, which includes a 2D feature extraction network and a 3D feature
extraction network. The architecture improves a speed while delivering good performance. In
some embodiments of the present disclosure, the second predetermined model is acquired by
performing improvement and design based on the ECO architecture.

[0071] In some embodiments, the second predetermined model includes a second
concatenation layer, a second 2D residual network, a 3D residual network, a third concatenation
layer, and a second FC layer. Concatenated image data is acquired by inputting the
to-be-recognized grouped video data into the second predetermined model and concatenating

the to-be-recognized segmented video image and the corresponding FD graph in the
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to-be-recognized grouped video data by the second concatenation layer; a 2D feature map is
acquired by processing the concatenated image data by the second 2D residual network; a 3D
feature map is acquired by inputting an intermediate layer output result of the second 2D
residual network into the 3D residual network and processing the intermediate layer output
result by the 3D residual network; a to-be-recognized concatenated feature map is acquired by
concatenating the 2D feature map and the 3D feature map by the third concatenation layer; and
a corresponding action type label is acquired by processing the to-be-recognized feature map by
the second FC layer. In the technical solutions provided in the embodiments of the present
disclosure, based on the ECO architecture, the intermediate layer output result of the second 2D
residual network is determined as the input of the 3D residual network, such that the network
structure is re-utilized, and a model speed is improved.

[0072] Exemplarily, the to-be-recognized grouped video data first enters a 2D convolution
part of the model to extract the feature of each image, and then enters a 3D convolution part to
extract the time sequence information of the action, and finally, a multi-classification result is
output. The network structures and parameters of the second 2D residual network and the 3D
residual network may be determined based on actual requirements. In some embodiments, the
second 2D residual network is 2D Res50, and the 3D residual network is 3D Res10.

[0073] Exemplarily, the second predetermined model further includes a first pooling layer and
a second pooling layer. A one-dimensional 2D eigenvector containing a first number of
elements is acquired by processing the 2D feature map by the first pooling layer prior to being
input into the third concatenation layer. A one-dimensional 3D eigenvector containing a second
number of elements is acquired by processing the 3D feature map by the second pooling layer
prior to being input into the third concatenation layer. Correspondingly, acquiring the
to-be-recognized concatenated feature map by concatenating the 2D feature map and the 3D
feature map by the third concatenation layer includes: acquiring a to-be-recognized
concatenated vector by concatenating the one-dimensional 2D eigenvector and the
one-dimensional 3D eigenvector by the third concatenation layer. In the technical solutions
provided in the embodiments of the present disclosure, the feature map still has a large size
after feature extraction is performed by the convolution layer. If the feature map is directly

flattened at this time, the dimension of the eigenvector may be too high. Therefore, after a
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series of feature extraction operations are performed by the 2D and 3D residual networks, the
feature maps are directly aggregated into the one-dimensional eigenvector through the pooling
to reduce the dimension of the eigenvector. The first pooling layer and the second pooling layer
may be designed based on actual requirements, such as global average pooling (GAP) or
maximum pooling. The first number of elements and the second number of elements may also
be freely determined, for example, they are determined based on the number of channels of the
feature map.

[0074] Exemplarily, the first pooling layer includes a multi-receptive-field pooling layer. The
receptive field generally refers to an image or video range covered by an eigenvalue, and is
configured to represent receptive ranges of different neurons in the network for an original
image, or a size of an area mapped by a pixel on the feature map output by each layer of the
convolutional neural network on the original image. A larger receptive field indicates a larger
range of the original image that can be touched, and also indicates that a contained feature is
more global and have a higher semantic level. Conversely, a smaller receptive field indicates
that a contained feature is more local and detailed. Therefore, the receptive field is used to
roughly determine an abstraction level of each layer. An advantage of using the
multi-receptive-field pooling layer is that the feature is sensitive to objects with different scales,
such that a recognition range of the type of the action is broadened. The manner of
implementing a plurality of receptive fields may be determined based on actual requirements.
[0075] In some embodiments, the first pooling layer includes a first-level local pooling layer,
a second-level global pooling layer, and a vector merging layer. The first-level local pooling
layer contains at least two pooling kernels with different sizes. At least two groups of 2D
pooled feature maps with different scales are acquired by processing the 2D feature map by the
first-level local pooling layer. At least two groups of eigenvectors are acquired by processing
the at least two groups of 2D pooled feature maps with different scales by the second-level
global pooling layer. The one-dimensional 2D eigenvector containing the first number of
elements is acquired by processing the at least two groups of eigenvectors by the vector
merging layer. In the technical solutions provided in the embodiments of the present disclosure,
the feature map is aggregated by performing the two-level multi-receptive-field pooling, and

multi-scale pooling is performed by using the pooling kernels with different sizes, such that
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aggregated features have different receptive fields. In addition, the size of the feature map is
greatly reduced, and the recognition efficiency is improved. Then, the features are aggregated
through the second-level global pooling, and the one-dimensional 2D eigenvector is acquired
by using the vector merging layer.

[0076] FIG. 8 is a schematic flowchart of another action recognition method according to
some embodiments of the present disclosure. Refinement is performed based on the foregoing
exemplary embodiments. A short video review scenario is taken as an example. FIG. 9 is a
schematic diagram of an application scenario of action recognition based on a short video
according to some embodiments of the present disclosure. As shown in FIG. 9, compressed
video stream information is extracted after a user uploads a short video. A target segment
containing an action is recognized by using a pre-trained and constructed action recognition
model (first predetermined model) based on a compressed video, and a large number of
segments not containing an action are screened out. Then, the target segment is decoded and
time domain and FD information of an image is extracted. A type of an action corresponding to
each target segment is acquired by using a pre-trained and constructed action recognition model
(second predetermined model) based on decoded images to perform finer-grained action
recognition based on an image sequence. It is determined whether the action is a target action.
If the action is not the target action, the corresponding segment is also screened out.

[0077] For example, the method includes following processes.

[0078] In 801, interval compressed videos are acquired by performing interval division on
original compressed video data based on a predetermined grouping rule.

[0079] The original compressed video data is the video stream data of the short video
uploaded by the user, and duration of each interval compressed video may be 5 seconds.

[0080] In 802, I frame data and P frame data in each of the interval compressed videos are
extracted based on a predetermined extraction policy.

[0081] The P frame data includes an MV and RGBR corresponding to a P frame. 1 | frame
and subsequent 2 P frames are acquired every second. That is, 5 | frames, 10 MVs, and 10

RGBRs are acquired from a 5-second segment.
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[0082] In 803, the P frame data is cumulatively transformed such that transformed P frame
data depends on the forward adjacent | frame data, and grouped video data is determined based
on the | frame data and the transformed P frame data.

[0083] In 804, the grouped video data is input into a first predetermined model, and target
grouped video data containing an action is determined based on an output result of the first
predetermined model.

[0084] In 805, a to-be-recognized segmented video image is acquired by decoding the target
grouped video data.

[0085] For example, the target grouped video data is decoded into images, and sequence
images are acquired by sequencing the images in time order. In some embodiments, to reduce
an amount of data to be recognized, a specified number of images are acquired from the
sequence images based on a predetermined acquiring policy as the to-be-recognized segmented
video image. For example, the predetermined acquiring policy is equal-interval acquiring, and
the specified number is 15.

[0086] In 806, FD information in the to-be-recognized segmented video image is acquired,
and a corresponding FD graph is generated based on the FD information.

[0087] A manner in which the FD information is acquired is not limited. The FD information
is acquired for each of the sequence images, and FD graphs one-to-one corresponding to the
sequence images are generated.

[0088] In 807, the to-be-recognized segmented video image and the corresponding FD graph
are determined as to-be-recognized grouped video data, the to-be-recognized grouped video
data is input into a second predetermined model, and a type of an action contained in the
to-be-recognized grouped video data is determined based on an output result of the second
predetermined model.

[0089] For example, sequence images in one segment and corresponding FD graphs
correspond to one label in multi-classification labels. That is, in the output result of the second
predetermined model, each segment corresponds to one label. In a case that one segment
contains a plurality of actions, the model determines a type corresponding to a main action as a

label of the segment. For example, in a case that a 5-second segment A has 4 seconds of action,
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wherein 3 seconds of action is waving, and 1 second of action is kicking, an action label for the
segment A is waving.

[0090] FIG. 10 is a schematic diagram of an action recognition process based on sequence
images according to some embodiments of the present disclosure. A value of n is generally
different from a value of n in FIG. 5. A segment S2 is taken as an example. Sequence images
are acquired after the decoding. A corresponding FD graph is generated after FD information is
extracted. The second predetermined model is designed based on the ECO architecture, and
includes a second concatenation layer, a second 2D residual network, a 3D residual network, a
first pooling layer, a second pooling layer, a third concatenation layer, and a second FC layer.
In some embodiments, during training of the second predetermined model, a training manner, a
loss function or the like are selected based on actual requirements. For example, the loss
function uses cross entropy. Other auxiliary loss functions are further used to improve a model
effect. In addition, some non-heuristic optimization algorithms may be used to improve a
convergence speed of stochastic gradient descent and optimize performance. As shown in FIG.
10, concatenated image data is acquired by processing the decoded sequence images and the
corresponding FD graphs by the second concatenation layer in the second predetermined model.
In some embodiments, the concatenated image data is further processed by a convolution layer
(conv) and a maximum pooling layer (maxpool), and then input into the second 2D residual
network (2D Res50). A 1024-dimensional 2D eigenvector (which can be understood as a
one-dimensional row vector or column vector containing 1024 elements) is acquired after the
output of 2D Res50 is processed by the first pooling layer (multi-receptive-field pooling layer).
An intermediate output result of 2D Res50 is determined as the input of the 3D residual
network (3D Res10), and a 512-dimensional 3D eigenvector is acquired after the intermediated
result of 2D Res50 is processed by the second pooling layer (GAP). A to-be-recognized feature
map, namely, to-be-recognized eigenvector is acquired by concatenating the 1024-dimensional
2D eigenvector and the 512-dimensional 3D eigenvector by the third concatenation layer.
Finally, an action type label is acquired after the to-be-recognized feature map is processed by
the second FC layer.

[0091] FIG. 11 is a schematic diagram of a structure of a second 2D residual network

according to some embodiments of the present disclosure. As shown in the figure, the second
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2D residual network is 2D Res50, which is a 50-layer residual neural network composed of 16
residual blocks using 2D convolution in 4 stages. To reduce a number of channels for the
operation of a convolution layer and further reduce a number of parameters, each residual block
uses a design concept of bottleneck, that is, each residual block is composed of 3 convolution
layers, wherein the two 1*1 convolution layers at the inlet and outlet are separately used to
compress and restore the number of channels of the feature map. In addition, because the size of
the feature map needs to be reduced to a quarter and the channel needs to be expanded to two
times in each stage, a 2D projection residual block is used at the inlet of each stage, and a 1*1
convolution layer is added, by the residual block, in the bypass to ensure that the size of the
feature map and the number of channels are kept consistent during pixel-by-pixel addition.
Similarly, network parameters are reduced by only using the 2D projection residual blocks at
the inlet of each stage.

[0092] FIG. 12 is a schematic diagram of a structure of a 3D residual network according to
some embodiments of the present disclosure. An intermediate layer feature map group is
acquired by processing N video frames acquired from each segment (as described above, frame
images acquired by concatenating the 15 images acquired from the sequence images and the
corresponding FD graphs) by 2D Res50. For example, a feature map group from stage2-block4
is assembled into a three-dimensional video tensor. A shape of the tensor is (c,f,h,w), wherein ¢
represents the number of channels of the frame images, f represents the number of video frames,
h represents a height of the frame image, and w represents a width of the frame image. A
spatio-temporal feature of the entire video is extracted by inputting the video tensor into 3D
Res10. As shown in FIG. 12, 3D Res10 is composed of only 5 residual blocks in 3 stages. All
convolution layers use three-dimensional convolution kernels. During convolution, information
in a time dimension also participates in computing. To reduce network parameters, 3D Res10
uses residual blocks with fewer convolution layers, and a channel number expansion technique
used in bottleneck residual blocks is removed.

[0093] For example, after the convolution is completed, 3D Res10 averages pixel values in a
spatio-temporal range through global average pooling to acquire a 512-dimensional video
spatio-temporal eigenvector. A kernel size of the global average pooling layer may be 2*7*7.

2D Res50 is different from a general convolutional neural network in that the feature map is
21



aggregated through two-level multi-receptive-field pooling instead of simple global pooling.
FIG. 13 is a schematic diagram of two-level multi-receptive-field pooling according to some
embodiments of the present disclosure. As shown in FIG. 13, during first-level local pooling,
pixels on the 2D feature map (sizes of the three maximum pooling kernels are 7*7, 4*4, and
2*2) are aggregated by using three maximum pooling (max-pooling) layers with different
aggregation ranges (pooling kernels). The pooling kernels with different sizes enable
aggregated features to have different receptive fields, such that the features are sensitive to
objects with different scales, and a recognition range of object categories is broadened. After
the first-level multi-scale local pooling is performed, three groups of 2D pooled feature maps
with greatly reduced sizes are acquired, and these 2D pooled feature maps include video
features of different scales. Then, second-level global sum-pooling is performed on the three
groups of feature maps. A feature is acquired by summing pixel values of feature maps on each
channel. The three groups of feature maps are aggregated into three eigenvectors containing
video spatial information of different scales. Finally, a 1024-dimensional 2D eigenvector (as
shown by the bottommost circle in FIG. 13) is acquired by performing pixel-by-pixel addition
on the three eigenvectors. Through the foregoing process, N 1024-dimensional 2D eigenvectors
are acquired by processing N (15 as described above) frames of the video. A 2D eigenvector
representing spatial information of the entire video (namely, the 1024-dimensional 2D
eigenvector shown in FIG. 10) can be acquired by summing and averaging the eigenvectors of
these frames.

[0094] In the action recognition method provided in the embodiments of the present disclosure,
based on the foregoing embodiments, during the action recognition based on the sequence
images, the FD information is extracted from the decoded images and concatenated into the
images, such that richness of information extracted by a feature network is increased. The ECO
network structure is used, and after 2D and 3D information is extracted, the information is
pooled in different manners and fused into a one-dimensional vector to be recognized, such that
more labels are classified on the network, and higher-accuracy recognition is provided. Because
a large number of non-target action videos are screened out during the action recognition based
on the compressed video stream, a small number of videos are input during the action

recognition based on the sequence images, during which computing power requirements are
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high. For the two parts of action recognition, when the action recognition accuracy is ensured,
all video detection tasks are completed with very low computing power requirements.
Recognition efficiency is effectively improved, and the computing power requirements, recall
rate, and recognition accuracy are well balanced.

[0095] FIG. 14 is a block diagram of a structure of an action recognition apparatus according
to some embodiments of the present disclosure. The apparatus is implemented by software
and/or hardware and generally integrated in a computer device. The apparatus performs action
recognition by performing the action recognition method. As shown in FIG. 14, the apparatus
includes: a video grouping module 1401, a target grouped video determining module 1402, a
video decoding module 1403 and an action type recognition module 1404.

[0096] The video grouping module 1401 is configured to acquire grouped video data by
grouping original compressed video data.

[0097] The target grouped video determining module 1402 is configured to input the grouped
video data into a first predetermined model and determine, based on an output result of the first
predetermined model, target grouped video data containing an action.

[0098] The video decoding module 1403 is configured to acquire to-be-recognized grouped
video data by decoding the target grouped video data.

[0099] The action type recognition module 1404 is configured to input the to-be-recognized
grouped video data into a second predetermined model and determine, based on an output result
of the second predetermined model, a type of an action contained in the to-be-recognized
grouped video data.

[00100] In the action recognition apparatus provided in the embodiments of the present
disclosure, before a compressed video is decompressed, a video segment containing an action is
acquired by using the first predetermined model to perform rough screening, and then the type
of the contained action is accurately recognized by using the second predetermined model, such
that a computing amount is effectively reduced on the premise of ensuring recognition accuracy,
and action recognition efficiency is improved.

[00101] A computer device is provided in the embodiments of the present disclosure. The
action recognition apparatus provided in the embodiments of the present disclosure may be

integrated in the computer device. FIG. 15 is a block diagram of a structure of a computer
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device according to some embodiments of the present disclosure. A computer device 1500
includes: a memory 1501 and a processor 1502. A computer program is stored in the memory
1501 and executable on the processor 1502. The processor 1502, when loading and executing
the computer program, is caused to perform the action recognition method provided in the
embodiments of the present disclosure.

[00102] A storage medium storing at least one computer-executable instruction therein is
further provided in the embodiments of the present disclosure. The at least one
computer-executable instruction, when loaded and executed by a computer processor, causes
the computer processor to perform the action recognition method provided in the embodiments
of the present disclosure.

[00103] The action recognition apparatus, device, and storage medium provided in the
foregoing embodiments perform the action recognition method provided in any one of the
embodiments of the present disclosure, and have corresponding functional modules for
performing the method. For technical details not described in detail in the foregoing
embodiments, reference is made to the action recognition method provided in any one of the
embodiments of the present disclosure.

[00104] Please note that the foregoing embodiments are merely exemplary embodiments of the
present disclosure. It is understandable to those skilled in the art that the present disclosure is
not limited to the specific embodiments described herein. VVarious obvious changes,
adjustments, and substitutions can be made by those skilled in the art, and do not depart from
the protection scope of the present disclosure. Therefore, although the present disclosure has
been described in detail by using the foregoing embodiments, the present disclosure is not
limited to the foregoing embodiments, and can also include more other equivalent embodiments
without departing from the concept of the present disclosure, and the scope of the present

disclosure is determined by the scope of the appended claims.
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CLAIMS

What is claimed is:

1. An action recognition method, comprising:

acquiring grouped video data by grouping original compressed video data;

inputting the grouped video data into a first predetermined model and determining, based
on an output result of the first predetermined model, target grouped video data containing an
action;

acquiring to-be-recognized grouped video data by decoding the target grouped video data;
and

inputting the to-be-recognized grouped video data into a second predetermined model and
determining, based on an output result of the second predetermined model, a type of an action

contained in the to-be-recognized grouped video data.

2. The method according to claim 1, wherein acquiring the grouped video data by grouping
the original compressed video data comprises:

acquiring interval compressed videos by performing interval division on the original
compressed video data based on a predetermined grouping rule; and

acquiring the grouped video data by extracting | frame data and P frame data in each of the
interval compressed videos based on a predetermined extraction policy, wherein the P frame
data comprises at least one of the following information corresponding to a P frame: motion

vector information and pigment change residual information.

3. The method according to claim 2, wherein the first predetermined model comprises a
first 2D residual network, a first concatenation layer, and a first fully connected layer; wherein

feature maps with a same dimension are acquired by inputting the grouped video data into
the first predetermined model and processing the grouped video data by the first 2D residual
network;

a concatenated feature map is acquired by concatenating the feature maps by the first
concatenation layer based on a frame sequence; and

a classification result indicating whether an action is contained is acquired by processing
the concatenated feature map by the first fully connected layer.

4. The method according to claim 3, wherein
acquiring the grouped video data by extracting the | frame data and the P frame data in
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each of the interval compressed videos based on the predetermined extraction policy comprises:
extracting the | frame data and the P frame data in each of the interval compressed
videos based on the predetermined extraction policy;
cumulatively transforming the P frame data such that transformed P frame data
depends on the forward adjacent | frame data; and
determining the grouped video data based on the | frame data and the transformed P
frame data; and
the first predetermined model further comprises an addition layer located before the
concatenation layer, a feature map corresponding to the P frame data in the feature maps is
denoted as a P frame feature map, and a feature map corresponding to the | frame data in the
feature maps is denoted as an | frame feature map; wherein
a P frame feature map to which the | frame feature map is added is acquired by
processing the P frame feature map and the | frame feature map by the addition layer; and
the concatenated feature map is acquired by concatenating the I frame feature map and
the P frame feature map acquired upon the addition by the first concatenation layer based

on the frame sequence.

5. The method according to claim 3, wherein

a feature shift layer is comprised in the first predetermined model, wherein the feature shift
layer is before a residual structure of the first 2D residual network; and

at least one of up-shifted grouped video data and down-shifted grouped video data is
acquired by processing the grouped video data by the feature shift layer prior to being input into
the residual structure.

6. The method according to claim 2, wherein extracting the P frame data in each of the
interval compressed video based on the predetermined extraction policy comprises:

extracting a predetermined number of P frame data in each of the interval compressed
videos in an equal-interval manner;

wherein a predetermined number of P frame data in each of the interval compressed videos
is extracted in a random-interval manner during training of the first predetermined model.

7. The method according to claim 1, wherein acquiring the to-be-recognized grouped video
data by decoding the target grouped video data comprises:
acquiring a to-be-recognized segmented video image by decoding the target grouped video

data;
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acquiring frequency domain information in the to-be-recognized segmented video image
and generating a corresponding frequency domain graph based on the frequency domain
information; and

determining the to-be-recognized segmented video image and the corresponding frequency
domain graph as the to-be-recognized grouped video data.

8. The method according to claim 7, wherein the second predetermined model comprises a
model based on an efficient convolutional network for online video understanding (ECO)
architecture.

9. The method according to claim 8, wherein the second predetermined model comprises a
second concatenation layer, a second 2D residual network, a 3D residual network, a third
concatenation layer, and a second fully connected layer; wherein

concatenated image data is acquired by inputting the to-be-recognized grouped video data
into the second predetermined model and concatenating the to-be-recognized segmented video
image and the corresponding frequency domain graph by the second concatenation layer;

a 2D feature map is acquired by processing the concatenated image data by the second 2D
residual network;

a 3D feature map is acquired by inputting an intermediate layer output result of the second
2D residual network into the 3D residual network and processing the intermediate layer output
result by the 3D residual network;

a to-be-recognized feature map is acquired by concatenating the 2D feature map and the 3D
feature map by the third concatenation layer; and

a corresponding action type label is acquired by processing the to-be-recognized feature
map by the second fully connected layer.

10. The method according to claim 9, wherein the second predetermined model further
comprises a first pooling layer and a second pooling layer; wherein

a one-dimensional 2D eigenvector containing a first number of elements is acquired by
processing the 2D feature by the first pooling layer prior to being input into the third
concatenation layer;

a one-dimensional 3D eigenvector containing a second number of elements is acquired by
processing the 3D feature map by the second pooling layer prior to being input into the third
concatenation layer; and

acquiring the to-be-recognized concatenated feature map by concatenating the 2D feature
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map and the 3D feature map by the third concatenation layer comprises:
acquiring a to-be-recognized concatenated vector by concatenating the
one-dimensional 2D eigenvector and the one-dimensional 3D eigenvector by the third

concatenation layer.

11. The method according to claim 10, wherein the first pooling layer comprises a

multi-receptive-field pooling layer.

12. The method according to claim 11, wherein the first pooling layer comprises a
first-level local pooling layer, a second-level global pooling layer, and a vector merging layer,
the first-level local pooling layer containing at least two pooling kernels with different sizes;
wherein

at least two groups of 2D pooled feature maps with different scales are acquired by
processing the 2D feature map by the first-level local pooling layer;

at least two groups of eigenvectors are acquired by processing the at least two groups of 2D
pooled feature maps with different scales by the second-level global pooling layer; and

the one-dimensional 2D eigenvector containing the first number of elements is acquired by
processing the at least two groups of eigenvectors by the vector merging layer.

13. An action recognition apparatus, comprising:

a video grouping module, configured to acquire grouped video data by grouping original
compressed video data;

a target grouped video determining module, configured to input the grouped video data into
a first predetermined model and determine, based on an output result of the first predetermined
model, target grouped video data containing an action;

a video decoding module, configured to acquire to-be-recognized grouped video data by
decoding the target grouped video data; and

an action type recognition module, configured to input the to-be-recognized grouped video
data into a second predetermined model and determine, based on an output result of the second
predetermined model, a type of an action contained in the to-be-recognized grouped video data.

14. A computer device, comprising: a memory, a processor, and a computer program stored
in the memory and executable on the processor, wherein the processor, when loading and
executing the computer program, is caused to perform the method as defined in any one of

claims 1 to 12.
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15. A computer-readable storage medium storing a computer program therein, wherein the
computer program, when loaded and executed by a processor, causes the processor to perform

the method as defined in any one of claims 1 to 12.
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