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Abstract

Automatic generation of natural language descriptions for videos is a highly chal-
lenging research hotspot. Methods based on deep BLSTM models and CNN
features can learn global spatio-temporal correlation information from video
sequences. To address the issues of low accuracy and high computational com-
plexity in video-to-text conversion, a deep BMGU model is proposed, which
improves computational efficiency while maintaining the structural advantages
of deep BLSTM models; additionally, late fusion of CNN features from original
video frames with CNN features from videos preprocessed with Haar features
is performed, thereby increasing the diversity of training features and conse-
quently enhancing the experimental performance of video-to-natural-language
conversion. On the M-VAD and MPII-MD datasets, compared with the origi-
nal S2VT model, the proposed method improves the METEOR scores from 6.7
and 7.1 to 8.0 and 8.3, respectively. The results demonstrate that the proposed
method effectively improves the accuracy and language description quality of
the original S2VT model.

Full Text

Research on Video Description Based on Deep Bidirec-
tional Model and Feature Fusion
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Abstract: Automatically generating natural language descriptions for videos
is a challenging research focus. Methods based on deep bidirectional LSTM
(DBLSTM) models and CNN features can learn global spatiotemporal correla-
tion information from video sequences. To address the issues of low accuracy and
high computational complexity in video-to-text conversion, this paper proposes
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a deep bidirectional minimal gated unit (BMGU) model that improves compu-
tational efficiency while maintaining the structural advantages of deep BLSTM
models. Additionally, the CNN features of original video frames are fused with
CNN features of video frames preprocessed with Haar features, increasing the
diversity of training features and thereby improving the effectiveness of video-to-
natural-language conversion. On the M-VAD and MPII-MD datasets, compared
to the original S2VT model, the proposed method improves METEOR scores
from 6.7 and 7.1 to 8.0 and 8.3, respectively. The results demonstrate that the
proposed method effectively improves the accuracy and language description
quality of the original S2VT model.

Keywords: video to text; deep bidirectional model; Haar feature; feature fu-
sion; convolutional neural networks

0 Introduction

Video captioning, also known as automatically generating natural language de-
scriptions for videos, primarily involves understanding and analyzing video con-
tent to extract useful semantic information, and then associating this seman-
tic information with the application context to convert video frame sequences
into natural language descriptions. This technology has high application value
and practical significance in various fields such as intelligent security, human-
computer interaction, and video retrieval.

With the gradual extension of deep learning into many areas of computer vi-
sion, video-to-text methods represented by S2VT (Sequence to Sequence-Video
to Text) have significantly outperformed previous non-deep learning methods
in performance, but several aspects still require improvement. For instance, to
obtain semantic information contained in video frames, CNN models are gen-
erally used to extract convolutional features from video frames, which contain
spatial information of the frames. However, video frames in video description
datasets often have complex backgrounds (containing multiple objects), and the
performance of some CNNs models in extracting features from such frames de-
creases, leading to inaccurate natural language descriptions from video-to-text
methods.

Additionally, LSTM is the core model of the S2VT method. It improves upon
the gate-less structure of RNNs (Recurrent Neural Networks) by adopting a
structure with three gates and two hidden states, effectively overcoming the
problems of gradient vanishing or explosion, and thus possesses good capability
for learning and modeling long sequence information. However, LSTM adds
a large number of parameters, reducing computational efficiency and making
it unsuitable for applications with high real-time requirements and strict com-
putational constraints. Furthermore, recent experiments by Chung et al. have
shown that more gate structures do not necessarily mean better final perfor-
mance; some simpler RNN models can achieve better results than LSTM while
reducing computational complexity.
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To address the issues of low description accuracy and high computational com-
plexity in the S2VT method, this paper proposes a video-to-text approach based
on deep bidirectional recurrent neural networks and Haar features. Specifically:
First, to address the problem that the S2VT model’s unidirectional LSTM-based
encoding layer cannot fully utilize temporal information from both previous and
future frames, a deep bidirectional LSTM-based video-to-text method is pro-
posed to learn global temporal correlation information. Second, to address the
issue that complex backgrounds in video frames affect the extraction of features
from main objects, a video frame enhancement method based on Haar feature
preprocessing is proposed. Before extracting implicit features from video frames
using convolutional neural networks such as VGG, Haar features are extracted
to preprocess the video frames to suppress complex background information
and enhance main object information. Third, to address the high computa-
tional complexity of deep BLSTM, a deep BMGU-based video-to-text method
is proposed. Experiments show that this simplified model-based approach can
effectively improve computational efficiency while achieving natural language
description performance comparable to the deep BLSTM model.

1 Principles of Video Captioning and the S2VT Model

Video captioning can be mathematically formulated as: given a video frame se-
quence X (1, Xy, ..., Ty, ...y T, ), generating the conditional probability of a word
sequence Y (Y1, Yo, -, Yps --s Ypy) that summarizes the video’ s semantic informa-
tion, i.e.,

p(Y|X>:p(ylay%"'?ym|x17x27--~7xn) (1>

where the frame sequence length n and word sequence length m are variable,
generally with n # m and n > m. Video-to-text methods based on recurrent
neural networks construct an ‘encoder-decoder’ model to achieve joint modeling
of frame sequences and word sequences using implicit features. Accordingly,
Equation (1) can be rewritten as:

m

p(Y[X) = Hp(yt‘hn+t) (2)

t=1

S2VT is a classic LSTM-based video-to-text model that can generate natural
language sentences to describe events occurring in videos.

[Figure 1: see original paper] Schematic diagram of S2VT model

As shown in Figure 1, the S2VT model obtains convolutional features (CNNs
features) of the input video sequence through the VGG-16 network, then in-
puts the feature sequence chronologically into the first LSTM layer for feature
modeling. In the second LSTM layer, the LSTM network learns the mapping
relationship between frame sequences and word sequences to complete the joint
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modeling of features and language. Additionally, <Pad> in the figure indicates
using all-zero vectors as input to pad corresponding position information, while
inputting <B0OS> signals that the frame sequence input is complete, instructing
the model to switch from the encoding phase to the decoding phase (i.e., begin
predicting word sequences). <E0S> indicates that the S2VT model has finished
outputting the predicted word sequence.

LSTM is the core algorithm for the S2VT model to implement the function
in Equation (2). Specifically, assuming the input variable at time ¢ is z,, the
corresponding hidden layer state parameter is h,, and the memory cell state is
¢;, the formulas in the LSTM unit at time ¢ are as follows [5]:

=o(W,x, + Wy,he 1 +b;) (3)
(Wypzy + Wyphyy +bg)  (4)
(Waomy + Wiohy 1 +b,)  (5)
(Wgy +Wighy 1 +b,) (6)

g

o
¢
¢=f0c1+409 (7)
hy =0, 0 d(c,) (8)

In Equations (3)-(8), 4, f, o, g represent the input gate, forget gate, output
gate, and input modulation gate of LSTM, respectively, with corresponding
bias vectors b;, by, b., b,. h, € R" represents n hidden state parameters. W,
(a € {z,h}, b € {i,h,0,g}) denotes the weight matrix from input or hidden
layer state parameter a to gate b. o(x) is the sigmoid function, ¢(z) is the hy-
perbolic tangent function, and © is element-wise product operation. Through
Equations (3)-(8), the S2VT model iteratively calculates the hidden layer pa-
rameters hy, hy, ..., Ay, ..., h,,, and further computes the conditional probability
P(Y¢|hy i) of hidden layer parameters with respect to word y, (t = 1,2,...,m),
thereby obtaining the predicted word sequence.

2 Proposed Improved Methods

2.1 Video-to-Text Method Based on DBLSTM and Haar Feature Pre-
processing

First, to address the insufficient utilization of video frame features by the unidi-
rectional LSTM encoding layer in the S2VT model, we improve the method by
employing deep bidirectional LSTM (DBLSTM) networks. The schematic dia-
gram of the video-to-text method based on deep bidirectional LSTM is shown
in Figure 2 [Figure 2: see original paper].

[Figure 2: see original paper] Schematic diagram of video-to-text based on depth
bidirectional LSTM
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A BLSTM consists of one LSTM that transmits information forward and another
that transmits information backward. Two BLSTMs are then connected as
shown in Figure 3 [Figure 3: see original paper] to form a DBLSTM. For the
fusion of hidden layer state parameters from the two LSTM layers, the following
method is generally used [7]:

hy = HW_,x, + Wiphe 1 +0b,) (9)

hy = H(W,2, + Wiphe_y +b;)  (10)

hy = H(W,px, + Wipheoy +b,) (1)
Yo = Wi, by + Wi by + b, (12)

where E and E are the hidden layer state parameters of the forward and back-
ward transmission layers at time ¢, respectively, H(x) is the activation function
of LSTM, and y, is the fused output. The meanings of other parameters are
similar to those in Equations (3)-(8).

By stacking two BLSTM networks to form a deep BLSTM network, this
improved deep RNN network structure has the following advantages: First,
BLSTM can learn not only information from previous frames but also informa-
tion from future frames. Through correlation learning of both past and future
frames and contextual association learning, global temporal information in
videos can be utilized to enhance the learning of video-sentence pairs, thereby
improving the accuracy of video captioning. This effectively overcomes the
limitation of unidirectional LSTM that can only utilize information from
previous frames. Second, in deep neural networks, widening and deepening
the network are two main directions for optimizing and improving model
performance. Corresponding to the spatial depth of CNNs, LSTM is a network
with temporal depth. Bidirectional LSTM (BLSTM) is deeper in time than
unidirectional LSTM, thus BLSTM enhances temporal dependencies compared
to LSTM, and deep BLSTM further strengthens these temporal dependencies.
Increasing temporal depth adds network parameters and enhances the asso-
ciation learning between video and natural language during training, thereby
further improving the performance of video-to-text (as intuitively reflected by
higher METEOR scores). However, deeper networks contain more parameters,
which also increases computational complexity.

Second, to address the issue that complex video backgrounds may affect CNN’ s
extraction of main object features, we separate video frames by RGB channels,
perform first-order Haar wavelet filtering on each channel to remove detail in-
formation, and finally recombine them to obtain video frames containing Haar
features. The process is shown in Figure 3 [Figure 3: see original paper].

[Figure 3: see original paper] Flowchart of extracting Haar features from video
frames
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As can be seen from comparing the images before and after processing in Figure
3, the main object information in the video frames is preserved and enhanced
after Haar feature extraction, while relatively complex background information
is weakened, thereby providing certain semantic information. Extracting CNNs
features from these video frames yields CNNs features containing Haar features,
which are new features different from the CNNs features of original video frames.
Meanwhile, since effective feature fusion can often improve the accuracy and lan-
guage quality of video captioning [11], this paper also fuses the CNNs features of
original video frames with the CNNs features containing Haar features, thereby
increasing the variety of training features and enhancing the richness of video
feature learning to optimize learning effectiveness. As shown in Figure 5 [Figure
5: see original paper], this paper fuses the CNNs features of original video frames
with the CNNs features containing Haar features to improve the performance
of video-to-natural-language conversion.

2.2 Video-to-Text Method Based on DBMGU and Haar Feature Pre-
processing

Applying the DBLSTM model to video-to-text improves performance, but it
should be noted that, as mentioned earlier, the significant increase in model
parameters leads to higher computational complexity, often increasing training
time and making it unsuitable for real-time applications. To address these issues,
we utilize the simplicity of the MGU (Minimal Gated Unit) model to reduce
computational parameters and training time. Since extracting Haar features
from video frames can often provide good semantic information, we propose
a video-to-natural-language method based on the DBMGU model and feature
fusion.

The Minimal Gated Unit (MGU) is a simplified RNNs model with only one gate
structure, hence the name ‘Minimal Gated Unit’ . The calculation formulas
for the MGU unit at time ¢ are as follows (the symbols have the same meaning
as in Equations (3)-(8)):

fe=0Wehy_y + Wea, +bp)  (13)
ﬁt = oWy (fy © hy—y) + Wypm, +0,)  (14)
ht:(l_ft)thfl"_ft@Et (15)

The MGU model has far fewer parameters than LSTM (approximately half
under the same conditions), and theoretically its computational complexity is
significantly lower than LSTM, thus effectively reducing computational overhead
and improving training speed. Second, Chung et al.’s research shows that RNNs
networks with gate structures generally achieve significantly better experimental
results than simple RNNs networks using only hyperbolic tangent functions
without gate structures [6]. The MGU model follows this conclusion, retaining
the necessary single gate structure to ensure effective learning of sequential data.
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To intuitively demonstrate the difference in computational complexity within
one time step between LSTM and MGU, referring to the research of Zhou Guob-
ing et al. [10], we illustrate their unit structures in Figure 4 [Figure 4: see original
paper].

[Figure 4: see original paper] Calculating process of LSTM and MGU within a
time step

The DBMGU is constructed in the same way as DBLSTM. The video-to-text
method based on the DBMGU model and feature fusion replaces the DBLSTM
model with the DBMGU model, while also using features preprocessed with
Haar features to improve model effectiveness for comparison purposes.

3 Experimental Results and Analysis
3.1 Experimental Setup

This paper implements the experimental model using the Caffe [12] (Convolu-
tional Architecture for Fast Feature Embedding) deep learning framework. The
model is trained and tested independently on two mainstream video captioning
datasets: M-VAD and MPII-MD.

To fully utilize sample information, during training we comprehensively consider
the length of frame sequences and word sequences for each sample, adaptively
extracting an appropriate number of video frames; during testing, we sample
video frames based only on the length of each sample’ s frame sequence. For the
comparison and evaluation of annotated sentences and sentences generated by
our method, we use the METEOR evaluation metric as an objective evaluation
criterion for the output sentences of our method.

METEOR [13] is an evaluation metric proposed by Lavir et al. in 2004 after
discovering the significance of recall in evaluation metrics. Their research shows
that metrics considering recall have higher correlation with human judgment
compared to those based solely on precision. Therefore, the METEOR evalu-
ation metric is often used as a reference for evaluation in machine translation,
image captioning, video captioning, and other fields. For example, Rohrbach et
al. [14] used METEOR as an objective evaluation metric in their video caption-
ing research.

The main hyperparameters for model training are shown in Table 1 . Addition-
ally, the initial learning rate is 0.01, and the learning rate adjustment method is:
reduce the learning rate to half every 20,000 iterations; the training optimiza-
tion method is SGD with Mini-Batch, momentum set to 0.9; the regularization
method is Dropout.

Hyper parameter of model training

Referring to the experimental analysis method of Rohrbach et al. [15], we evalu-
ate model performance through two perspectives: METEOR metric evaluation
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and comparative analysis of annotated sentences and sentences generated by
the two methods.

First, between 40,000 and 60,000 iterations, we evaluate models at even
thousand iterations and compile the relationship between METEOR evaluation
scores and iteration numbers for the two methods, as shown in Figure 6 [Figure
6: see original paper].

[Figure 6: see original paper] Relationship between METEOR evaluation scores
and iterations of two methods

3.2 Experimental Results Analysis

Analysis of Figure 6 shows that the METEOR evaluation scores of both meth-
ods are relatively stable, indicating that they can converge well under different
datasets. We compile the peak METEOR evaluation scores of the two methods
from Figure 6 and compare them with the peak METEOR evaluation scores
of other video-to-text methods, with results shown in Table 2 . METEOR is
measured in %, with higher values indicating better performance.

METEOR Evaluation of M-VAD and MPII-MD datasets

Analysis of Table 2 shows that for the M-VAD dataset, the two methods pro-
posed in this paper improve the METEOR score from 6.7% of the original S2VT
model to 7.9% and 8.0%, respectively. Similarly, on the MPII-MD dataset, the
two methods improve the score from 7.1% of the original S2VT model to 8.1%
and 8.3%, respectively. On one hand, the METEOR evaluation scores of both
methods are higher than those of previous video-to-text methods, demonstrating
that the organic combination of deep bidirectional models and feature fusion can
improve the accuracy and language quality of video captioning. On the other
hand, the two methods proposed in this paper use DBLSTM and DBMGU mod-
els respectively for video feature modeling. Using the DBMGU model, compared
to the DBLSTM model, the METEOR score not only does not decrease but even
slightly increases, indicating that although the DBMGU model has nearly half
the parameters of the DBLSTM model, the language effect of the generated sen-
tences is similar to that of DBLSTM. More importantly, the DBMGU model
can effectively reduce computational complexity, lower computational overhead,
and thus improve video-to-text speed.

This paper conducts a comparative analysis of annotated sentences and sen-
tences generated by the two methods. Due to space limitations, three examples
from each dataset are selected as illustrations, as shown in Figure 7 [Figure 7:
see original paper].

[Figure 7: see original paper| Video description examples from M-VAD and
MPII-MD datasets

As can be seen, the sentences generated by both methods are not only accu-
rate in description but also contain more detailed information and increased
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language richness compared to the annotated sentences, verifying that the pro-
posed methods can effectively improve the accuracy and language quality of
video captioning.

4 Conclusion

To address the issue of low description accuracy in the S2VT method, this paper
proposes a video-to-natural-language method based on DBMGU and feature fu-
sion, building upon the DBLSTM and feature fusion approach. The proposed
method effectively improves the accuracy and language quality of the original
S2VT model. The DBMGU model has only about half the number of param-
eters as the DBLSTM model, reducing computational overhead and improving
computational speed, yet achieving language description performance compara-
ble to the DBLSTM model, making the proposed method applicable to a wide
range of scenarios. Of course, the current work still has some limitations. In
future research, we will further improve the decoding model and language model
aspects of the S2VT method.
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