
1

Multimodal Micro-video Classification Based on
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Abstract—Along with the popularity of the Internet, people are exposed to more and more ways of micro-videos, and a huge amount 
of micro-video data has emerged. micro-videos have gradually become the Internet content preferred by the public, and a large number 
of micro-video apps have also emerged, such as Tictok and Kwai. Intelligent classification a nd m ining o f m icro-videos c an greatly 
enhance user experience, improve business operation efficiency and enhance user experience. Through deep intelligent analysis and 
mining of micro-videos, important information in micro-videos can be extracted to provide an important basis for beautifying videos, 
content appreciation, video recommendation, content search, etc. In the past, content understanding for short videos often used human 
work annotation, but in recent years, with the great success of deep convolutional neural networks in image recognition, short video 
content understanding based on this method has gradually developed. Nowadays, most of the recognition algorithms extract the feature 
representation of each frame independently and then fuse them. However, while extracting the feature representation, some low-level 
semantic features are lost, which makes the algorithm unable to accurately distinguish the category of the video. At present, the algorithm 
of micro-video recognition based on deep learning has surpassed the iDT algorithm, making these traditional methods fade out of 
people’s view. In this paper according to the micro-video classification t ask, a  n ew n etwork m odel i s p roposed t o c oncat features of 
each modality into the overall features of various modalities through the network, and then fuse the various modal features with attention 
mechanism to obtain the whole micro-video features, which will be used for classification. I n o rder t o verify t he e ffectiveness o f the 
algorithm proposed in this paper, experiments are conducted in the public dataset, and it is shown the effectiveness of our model.

Index Terms—Micro-video Classification; 3D CNN; Multi-modal

✦

1 INTRODUCTION

In recent years, micro-videos have gradually become the
Internet content preferred by the public, and a large number
of micro-video apps have also emerged, such as Tictok and
Kwai. Intelligent classification and mining of micro-videos
can greatly enhance user experience, improve business
operation efficiency and enhance user experience. Through
deep intelligent analysis and mining of micro-videos,
important information in micro-videos can be extracted to
provide an important basis for beautifying videos, content
appreciation, video recommendation, content search, etc.
Youtube statistics on micro-video traffic in 2017 found that
the platform plays up to 400 hours of video per minute,
and the click as well as the play of online video occupies a
large amount of network channel bandwidth. The average
daily active users and peak hours of Tictok micro-videos can
reach 300 million, which fully illustrates that micro-videos
have a huge user base and traffic value. Along with the
popularity of the Internet, people are exposed to more and
more ways of micro-videos, and a huge amount of micro-
video data has emerged. In such a large amount of micro-
video data, each person is interested in only a small part
of it, and it will be a very difficult task to organize and
manage these video data in an effective classification. micro-
video classification algorithms, in general, are processed by
obtaining the semantic related content of the video, such as
analyzing and understanding human behavioral actions or
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other complex video clips, and finally classifying them into
single or multiple categories automatically [1].

Before deep learning methods were widely used,
most micro-video classification methods mainly relied on
manually designed features [2] and machine learning
methods for human action behavior recognition and
specific event detection in videos. The core idea of
these traditional micro-video classification studies is to
extract action and appearance information from local
spatio-temporal regions [3], obtain feature descriptors of
video frames, and then use methods such as BagofWords
model [4] to generate an encoding of the whole video,
and finally train a machine learning classifier to achieve
video classification. Among the many methods, the ODT
algorithm [5] published in ICCV by the IEAR lab of INRIA is
a very classical one. With the advent of convolutional neural
networks, one no longer needs to design feature descriptors
manually, but automatically learns video semantic features
and understands image contents by convolutional neural
networks, which eventually has achieved great success in
image classification, detection and retrieval. At present,
the algorithm of micro-video recognition [6] based
on deep learning has surpassed the iDT algorithm,
making these traditional methods fade out of people’s
view. FaceBookAIRearch [7] has proposed the use of 3D
convolutional neural network to extract spatio-temporal
information, which is an innovative approach for video
classification. Karpathy et al. [8] proposed the concept of
slow fusion of 3D convolutional networks to improve the
temporal perception of convolutional networks. Simonyan
et al. proposed the TwoStream method [9], which created
a new direction in video research. The method based
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on TwoStream network will split the network into two 
branches and the results of both networks will be fused to 
obtain the final class label.

Wu et al. [10] proposed different methods to combine 
timing feature information, which focus on how to combine 
the video timing information extracted by the trained 
CNN network. Firstly, a deep convolutional neural network 
is trained to extract the feature description vectors of 
different video frames, and then these temporal feature 
vectors are combined by designing temporal models, such 
as LSTM [11], NetVlad [12], etc., to obtain the category 
of video content. Ji proposed to use 3D convolution to 
extract the spatial and temporal information of video, 
while Tran trained a 3D convolutional neural network, this 
model is called C3D and is the original 3D convolutional 
neural network model, which is computationally efficient as 
compared to other types of methods that process multiple 
frames in C3D-session.Carreira and Zisserman proposed 
I3D [13], which combines two-s The 3D convolutional 
neural network model is a natural idea for extending the 
2D convolutional neural network model that has been so 
successful in the field o f i mage c lassification to  ap ply to 
video classification. by extending the 2D convolution to 3D 
convolution, the model is able to learn both spatial and 
temporal representations of the video and achieve end-to-
end training. one of its drawbacks is the large number of 
parameters One of its drawbacks is the large number of 
parameters, which causes it to require a large amount of 
data to converge and its generalizability suffers [14].

In this paper, we proposed an efficient a nd accurate 
multi-modal fusion micro-video classification algorithm 
based on 3D convolutional neural network to further 
improve the classification a ccuracy. W e d esign and 
implement a convolutional neural network based video 
classification. T he n etwork c onsists o f a n i nput l ayer, a 
convolutional layer, a pooling layer, a BN layer, a fully 
connected layer and an output layer. The contriburions of 
this paper are as follows:
• According to the micro-video classification task, a new

network model is proposed to concat features of each
modality into the overall features of various modalities
through the network, and then fuse the various modal
features with attention mechanism to obtain the whole
micro-video features, which will be used for classification.

• In order to verify the effectiveness of the algorithm
proposed in this paper, experiments are conducted in the
public dataset, and it is shown the effectiveness of our
model.

2 RELATED WORK

2.1 Video Classification

The temporal modeling of the last layer output of the 2D
network using the LSTM series can capture the semantic
information of the high layer but loses the information of
the low layer. And LSTM is difficult to converge because
it requires gradients to be back-propagated through the
temporal layers for training. Another approach, which can
be practically applied, was proposed by Simonyan and
Zisserman, who modeled video frames by averaging a
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Fig. 1: Video classification model based on convolutional
network.

single RGB frame and a pile of information consisting of 10
externally computed optical streams through two separate
convolutional neural networks pre-trained by ImageNet.
This approach achieves quite good results on top of some
benchmark datasets. 3D convolutional neural networks are
a natural choice for modeling video files because of the
augmentation of the convolutional kernel dimensionality,
which allows them to model both spatial and temporal
information [15, 16].

The important feature of these methods is that they
directly divide the spatial and temporal dimensions,
allowing the model to be modeled in both spatial and
temporal dimensions. The disadvantage of these methods
is the huge computational effort, because the convolution
kernel adds an extra dimension, which also leads to the
additional problem that the model is difficult to train and
tends to overfit on small data sets. To solve this problem,
Qiu et al. [15] proposed a pre-training method, in which the
model is first pre-trained on ImageNet and Kinetics datasets
and then migrated to the target dataset. In this paper,
in order to balance efficiency and accuracy, a temporal
partial channel fusion algorithm is proposed, which is able
to model temporal features on top of 2D networks. The
proposed algorithm can be added to different positions
of the network in the form of modules to extract both
spatial and temporal semantic features at low and high
levels, achieving the accuracy of a 3D network with the
speed of a 2D network. This initiative has injected new
dynamics into the field of video classification research.
This method adds a dimension to the 2D convolutional
kernel, i.e., the planar convolutional kernel becomes a three-
dimensional convolutional kernel. The two-stream CNN
approach was proposed by Simonyan et al. [9] where the
SpatialStream network accepts the original still video frames
and the TemporalStream network accepts the optical flow
field as input. In the dual-stream network, the SpatialStream
network uses a 2D convolutional kernel to classify the
sparsely sampled picture frames, and the TemporalStream
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network extracts the optical flow field information of frames 
around the sampling point, and finally f uses t he results of 
the two networks to achieve classification.

2.2 Multi-modal Representation
In video classification t ask m ulti-modal r epresentation is 
one of the most important problem [17, 18]. Existing multi-
modal representations can be grouped into two categories. 
On is combine the various single-modal information into 
a single representation and project it into the same 
representation space, i.e. concatenation of single-modal 
features. Recently, neural networks are increasingly used 
in the multi-modal domain [19, 20, 21, 22], especially 
on multimodal representations [23, 24, 25, 26, 27]. 
The probabilistic graphical models [28, 29] are another 
way to construct a joint representation for multi-modal 
information using the latent random variable [30]. The 
other category of multi-modal representation is s learn 
separate representations for each modality but coordinate 
them with constraints. Frome et al. [31] proposed a deep 
visual-semantic embedding model which projects the visual 
information and semantic information into a common space 
constrained by distance between the visual embedding and 
the corresponding word embedding. Similarly, Wang et 
al. [32] constructed a coordinated space which enforces 
images with similar meanings to be closer to each other.

3 METHODOLOGY

3.1 Feature Extraction
Feature extraction is divided into scene feature extraction 
and behavior feature extraction. First, scene features are 
extracted formicro-videos. Let the micro-video sequence be 
V = {v1, v2, . . . , vn}, where, n is the number of micro-
videos. The scene features are extracted using a deep fusion 
network based on VGGNet. The global features in the scene 
are learned and extracted using the VGGNet16 network, 
and the local detailed features in the scene are learned 
and extracted using VGGNet19 , and the learned features 
are fused respectively. The reason for using VGGNet is 
that the network chooses a 3 × 3 convolutional kernel, 
which makes the number of parameters smaller, and 
the superposition of small convolutional layers enables 
multiple nonlinear computations and better learning ability 
of features. Assuming that the number of scene categories 
is sceneN , for the i-th micro-video, the purpose of scene 
recognition is to find t he m aximum v alue o f t he scene 
prediction probability as follows:

psvi
= max{psjvi

}(1 ≤ j ≤ Ns, 1 ≤ i ≤ n), (1)

where, vi is the i-th micro-video and p
sj
vi is the probability

value of the i-th micro-video corresponding to the j-th scene.
But here, it is necessary to keep the probability values of vi
in all scenes to retain as much useful information in the
video as possible.

fs
vi

= {psjvi
}(1 ≤ j ≤ Ns, 1 ≤ i ≤ n), (2)

Assuming that the number of behavior categories is Na

, for the i-th micro-video, the result for behavior recognition
can be defined as:

pAvi
= max{pak

vi
}(1 ≤ k ≤ Na, 1 ≤ i ≤ n), (3)

where, vi is the i-th micro-video and pak
vi

is the probability
value of the i-th micro-video corresponding to the k-th
action. Furthermore, that can be defined as:

pak
vi

= pa
RGB
k

vi
+ pa

Flow
k

vi
, (4)

Similarly, the behavioral feature extraction part, which
needs to keep the probability values of each micro-video for
all behaviors, is defined as follows:

fA
vi

= {pak
vi
}(1 ≤ k ≤ Na, 1 ≤ i ≤ n), (5)

By obtaining fs
vi

and fA
vi

, for the i-th micro-video, the
joint feature is defined as :

fvi
= (fA

vi
)
T
fs
vi
, (6)

where fA
vi

, fs
vi

are the scene features and behavioral features
of fvi

, respectively, and the dimension of fvi
is Ns ×Na.

3.2 Attention mechanism
The main modalities present in micro-video are visual,
audio and text. Most of the features currently used in
video processing algorithms are mainly visual features.
Audio and text features are less used in computer vision,
while audio and text also contain a lot of video-related
information. Thus fusing several modalities will improve
the accuracy of video classification. By extracting features
from the visual, audio, and title of the video separately, and
then performing feature fusion, the final prediction score
is obtained by the classification function. There are two
main feature fusion modes, which are forward fusion and
backward fusion methods. In this paper, we adopt backward
fusion, firstly, we input each modal information into the
clustering network to get the corresponding features, and
then concat to get the final feature vector.

Assume that there are M frames of video, and the feature
description x of each frame is N-dimensional. There are K
clustering centers, and each frame is firstly encoded into an
N ×K feature vector as follows:

vijk = αk(xi)(xij − ckj), (7)

where ck is the N-dimensional feature vector coordinate of
the cluster center k. αk(xi) is a soft sign function to calculate
the similarity of xi to the cluster center k. The similarity
function is usually computed using a full connection and
the activation function is a Softmax function:

αk(xi) =
ew

T xi+bk∑k
s=1 e

wT xi+bs
, (8)

The video-level feature descriptor y is then obtained by
aggregating all the frame-level features and is expressed by
the following equation:

yjk =
M∑
i

vijk, (9)

The set of local features is defined as the unordered
features obtained in different segments of the same video,
and the L × M dimensional matrix X is used to denote L
local features, each row being a separate local feature vector.

X = (x1, x2, . . . , xL), (10)
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Fig. 2: Overall structure of classification.

The key frames are selected by using the attention
mechanism and thus combined into global features. In the
classification task, attention is static, and the input contains
only its own local feature vector. The first step is to analyze
the importance of each feature and then boost the weight of
key features as much as possible, while ignoring irrelevant
features and noise. The attention output can be considered
as a weighted collection of vectors :

v = aX, (11)

where a is an L-dimensional weight vector, calculated using
the weight function.

It is important to choose the appropriate weight
calculation function throughout the process, where the input
is the set of local features X and the output is the weight
vector a , which is L1-normalized to 1 . Each dimension of
the weight vector corresponds to a local feature. There are
more methods to to compute the weights of local features,
for example, global pooling is considered as a decaying form

of the attention mechanism, and its corresponding weight
function is:

a =
1

L
l, (12)

where l is an L-dimensional vector with all elements of 1. To
obtain a more flexible attention weight function, a layer of
full connectivity is used to learn the weight coefficients.

a = softmax(wXT + b), (13)

where w,b are the vectors of M and L dimensions,
respectively.

4 EXPERIMENTS
4.1 Dataset
The UCF101 dataset [33] is a video classification dataset
collected from real scenes, with videos from the youtube
website, containing a total of 101 different action categories.
the UCF101 dataset has a total of 13,320 videos from 101
categories.
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TABLE 1: Results comparison of 3D CNN model.

Traditional CNN model Ours 3D CNN model
trainning precision 0.936 0.952
validation precision 0.737 0.762

Model convergence time 1.42h 1.03h
Inference time 57ms 52ms

Fig. 3: Precision in training and validation sets.

Fig. 4: Loss in training and validation sets.

4.2 Pre-processing

The micro-video is read frame by frame and the image is
captured at a frame rate of 50 Fps. In the practical problem,
considering that this micro-video dataset contains multiple
human behavioral actions, since there is not much difference
between human video actions in any one second. Therefore,
in order to save computational resources and ensure the
non-redundancy of training data, only a partial subset of
complete frames is extracted from any one continuous
action, and in the extraction process, it is necessary to ensure
that each image has the same spatial dimension. The whole
video preprocessing process is implemented using FFmpeg.
The number of videos and frames per training, the learning
rate, the overfitting parameter (Dropout), the number
of network iterations, the number of classifications, the
number of samples per input network training Batchsize,
the maximum number of training steps, and the number of
iterations per save weight parameter to prevent unexpected
interruptions in training.

4.3 Metrics
There are many different evaluation systems for the
efficiency of classification. In this paper, we use Precision to
judge the efficiency and effectiveness of the results. Before
calculation the first thing is to distinguish between true true
(TP), false true (FP), and true false (FN). True-False (TN),
False-False (FN).

Precision =
TP

TP + FP
(14)

Recall =
TP

TP + FN
(15)

4.4 Result Analysis
Using 3D convolutional neural network model to classify
micro-videos can get a high training precision. This is
mainly because convolutional neural networks can extract
the features of training samples well and achieve good
classification performance. The 3D convolutional network
constructed in this paper significantly outperforms the
original 3D convolutional network in terms of training
precision, validationing precision and model convergence
time. From the experimental results, it is clear that there
is a difference between the precision of training data and
the precision of validation data from the beginning to
the end of the model training process, and the overfitting
phenomenon of the network cannot be avoided even if BN
and Dropout are used as regularization methods. There
are several attempts to solve this problem. On the one
hand, data augmentation can be used to increase the size
of the training samples at the cost of significantly increasing
the computational overhead. Another idea is to reduce the
number of convolutional kernels between layers, which may
sacrifice a certain amount of model precision.

When Dropout is 0, i.e., when the random deactivation
method is not used, the difference between the model
training precision and the validation precision is large.
That is to say, there is a serious overfitting phenomenon
and the generalization ability of the model is very poor.
When the Dropout value is set to 0.5, the training precision
and the validation precision are close to each other,
and the best classification results are obtained. However,
when the Dropout value was increased again, the training
and validationing correctness of the model decreased
significantly, because most of the neurons were deactivated
and did not receive sufficient training, and the classification
results could not be effectively predicted for micro-video
samples.

5 CONCLUSION AND FUTURE WORK

Along with the popularity of the Internet, people are
exposed to more and more ways of micro- videos, and
a huge amount of micro-video data has emerged. In
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TABLE 2: Results comparison of diifferent dropout.

Dropout 0 0.25 0.5 0.75
trainning precision 0.953 0.952 0.971 0.944
validation precision 0.831 0.846 0.882 0.825

such a large amount of micro-video data, each person is
interested in only a small part of it, and it will be a
very difficult task to organize and manage these video
data in an effective classification. micro- video classification
algorithms, in general, are processed by obtaining the
semantic related content of the video, such as analyzing
and understanding human behavioral actions or other
complex video clips, and finally classifying them into
single or multiple categories automatically. At present,
the algorithm of micro-video recognition based on deep
learning has surpassed the iDT algorithm, making these
traditional methods fade out of people’s view. In the
past, content understanding for short videos often used
human work annotation, but in recent years, with the
great success of deep convolutional neural networks in
image recognition, short video content understanding based
on this method has gradually developed. Nowadays,
most of the recognition algorithms extract the feature
representation of each frame independently and then fuse
them. However, while extracting the feature representation,
some low-level semantic features are lost, which makes the
algorithm unable to accurately distinguish the category of
the video. Therefore, in this paper, we proposed an efficient
and accurate multi-modal fusion micro-video classification
algorithm based on 3D convolutional neural network to
further improve the classification accuracy. We design and
implement a convolutional neural network based video
classification. The network consists of an input layer, a
convolutional layer, a pooling layer, a BN layer, a fully
connected layer and an output layer. According to the
micro-video classification task, a new network model is
proposed to concat features of each modality into the
overall features of various modalities through the network,
and then fuse the various modal features with attention
mechanism to obtain the whole micro-video features, which
will be used for classification. In order to verify the
effectiveness of the algorithm proposed in this paper,
experiments are conducted in the public dataset, and it is
shown the effectiveness of our model.
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