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Abstract 

Aiming at the problems of inadequate feature extraction, unclear target annotation and 
unsatisfactory accuracy in image description generation, an image description generation 
algorithm combining attention and candidate strategies is proposed. This algorithm uses a 
pre-trained residual convolution network to extract image features, then input image 
features into the attention structure for target labeling and weight distribution, and connect 
the attention module to the LSTM neural network to predict words based on the previous 
moment information. At the next moment, the adaptive attention mechanism is used to 
select the image region to be processed by the next moment model, and the network model 
is generated based on the above design texture image description. In the MS COCO data set 
for training and testing, the BLEU(1-4), METEOR, and CIDEr of this algorithm can reach 
81.4, 66.7, 50.3, 38.4, 28.2, and 119.7, respectively, and compared with other mainstream 
description generation algorithms, the score obtained by this algorithm is higher, and it can 
be seen that the image caption model generated by the algorithm performs better. 
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1. Introduction 

Image description is a cutting-edge research direction in the development of computer vision in the 

field of artificial intelligence. This technology is a comprehensive task formed by the combination of 

computer vision and natural language processing. The understanding of images requires the use of 

computer vision techniques to detect and identify objects in the image, as well as the type or location 

of the scene, the properties of the objects and their interactions. Then, through the language 

description module, the collected images, together with the syntactic and semantic understanding of 

the language, generate a description of the image. 

The best image description technique at the moment is based on deep learning techniques. Because 

in traditional machine learning, it is necessary to extract features by hand[1]. Since this method is task-

oriented, it is not feasible to extract features from a large number of different data sets. Furthermore, 

real world data such as images and videos are complex and have different semantic interpretations. 

On the other hand, in deep machine learning based techniques, features are automatically learned 

from training data, and they can handle a large number of different images and videos. Among them, 

neural network-based algorithms generally use a combination of convolutional neural networks and 

cyclic neural networks. A convolutional neural network is used to extract features of the picture and 

input to a cyclic neural network to generate a natural language description. 
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In recent years, the use of deep learning methods to solve image description problems has achieved 

good results. For example, Mao J et al[11] proposed a multimodal cyclic neural network model, which 

creatively combines deep convolutional neural networks with deep-circulating neural networks to 

solve problems such as image description and sentence retrieval. The good results have attracted wide 

attention from scholars. K. He et al[3] proposed a residual convolutional neural network to extract 

features, solve the residual problems that are commonly found in deep network before, and extract 

features better. Karpathy A et al[10] constructed a two-way mapping structure between image and 
sentence-based image description, which reconstructs the main visual feature representation of the 

image according to the content of the image description. Kulkarni et al[6] used an attribute detector to 

describe the image in conjunction with a conditional random field model. Chen et al[14] constructed 

the Thought vector using Input-Reviewer. In addition, the Bootstrap information pre-training model 

was used to generate the image description. The CNN-LSTM network model requires high training 

samples and the resulting image description lacks flexibility. The publication and impact of these 

articles can show that deep learning algorithms can handle the complexity and challenges of image 

description well. 

For the increase of the depth level of the convolution depth network, there will be a situation where 

the accuracy of the saturation gradient decreases; before the model attention attention is found to be 

biased in the main target; the quality of the generated description language is unstable, and there is 

still room for improvement in model performance and training. In this paper, combined with the 

attention mechanism and optimal choice, this paper proposes a new image description model. 

The main research work of this paper is as follows: (1) The pre-trained ResNet-152 neural network 
is added to the model through migration learning technology. In order to solve the gradient problem 

in the depth hierarchy, and better extract image features. (2) Propose an adaptive attention mechanism 

and interface with the language generation module. You can label the main target of the input image 

and give the corresponding weight, and then generate a description through the language module. (3) 

Use techniques such as optimal selection in the test and verification phase to improve the quality of 

the generated description and optimize the performance of the model. Finally, by comparing with a 

variety of mainstream image description models, the model is better. 

2. Basic principles 

In order to accurately describe the image, the model proposed in this paper adopts the best encoder 

and decoder in the field of natural language processing as the main framework. The algorithmic flow 

of the model used in this article is shown in the figure. 

 
Fig. 1 The structure of the proposed model 

3. Algorithm 

3.1 Pre-trained ResNet-152 model 

This article uses migration learning techniques to add a pre-trained ResNet-152 network to the model 

in this paper. The last two layers of the linear and active layers in the model are then removed, and 

only the convolutional layers in which they are fully connected are used to extract features. The 

structure of the convolutional layer used is as follows: 

 

Table 1 Architecture of ResNet-152 network 

Laye

r 
Conv1 Conv2_x Conv3_x Conv4_x Conv5_x 
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7*7,64,stride

2 

3*3 max pool, 

stride2 1*1, 128

3*3, 128 *4
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1*1, 256

3*3, 256 *23

1*1, 1024

 
 
 
    

1*1, 512

3*3, 512 *3

1*1, 2048

 
 
 
    

1*1, 64

3*3, 64 *3

1*1, 256

 
 
 
    

After inputting the image into the model, the encoder extracts a feature vector of 2048-dimensional 
14x14, that is, a 2048*14*14 size feature tensor. 

3.2 Cyclic neural networks incorporating attentional mechanisms 

3.2.1 Adaptive Attention Module 

As shown in Figure 2, an attention mechanism is added to the LSTM. The first layer is set to the 

Attention Module of the adaptive visual attention module, and the second LSTM layer is set to the 

Language-LSTM. 

At each time step, the inputs of the Att-Module are: the last time period output of the L-LSTM, the 

image features of the encoder output, and the code vector of the previously generated word group, as 

shown in the following equation: 

1 1[ , ( , , ), ]att t k e tx h v v W−=                                                 (1) 

Among them, 
E

eW


  is the embedding matrix of the vocabulary, which is the coding vector of 

the input words of each time step. These inputs provide the Att-Module with information about the 

state of the L-LSTM, the overall content of the image, and the partial description output generated so 

far. 

 

 
Fig. 2 Overview of the proposed captioning model 

At each time step t, we generate normalized attention weights ,i t  for each of the k image features vi, 

and combine the higher and similar weights topv −  into the region matrix ,j tr  and mark them in the 

image. . As shown below: 

, tanh( )T

i t a va i ha t ra ja W v W h W r= + +                                                (2) 

max( )t tsoft a =                                                               (3) 

, ( )
aroundj t topr f v −=                                                (4) 
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Among them, , , ,H V H M H V

va ha raW W W      and H

aW   are the parameters obtained by 

model training. 

3.2.2 language generation model 

As shown in Figure 3, the language generation module L-LSTM, which is connected to the Att-

Module before, is connected to the classifier. Its entries, including the marked image area ,j tr and the 

previous output 
1th −
 of this module, are given as follows: 

, 1[ , ]L L j t tx r h− −=                                                             (5) 

By using y1:T to represent a series of words (y1,....yT), at each time step t, it is possible to output the 

conditional distribution of the word as follows: 

1: 1( | ) max( )t t p t pp y y soft W h b− = +                                             (6) 

Among them, and 
M

pW


 pb


 are the weights and deviations after the model training. The 

distribution of the complete output sequence of the language module is calculated as the product of 

the conditional distribution, as shown in the following equation: 

1: 1( | ) max( )t t p t pp y y soft W h b− = +                                             (7) 

3.3 Optimal choice 

In order to improve the accuracy and diversity of the model to generate description statements, the 

optimal selection method is added to the description generation part of the model. The search tree is 

built using a breadth-first strategy, and the sequence is scored and selected according to the heuristic 
cost. 

Table 2 Algorithm flow for Optimal Choice 

Algorithm steps (Set candidate number as K )： 

: Generating K  candidates 1y
. 

: Generate K  second words 2y
 for each of these first words 1y

. 

: Choose the top K  [ 1y
, 2y

] combinations considering additive scores 1S
. 

: Exclude a lower score combination 1 lowestY − . Then, according to the remaining two   combinations, 

words 3y
 is generated and combined into a new [ 1y

, 2y
, 3y

] combination 2Y
. 

: Repeat exclusion of N lowestY −  and combination generation of NY
 at each decoding step. After N  

steps, the model selects the description sequence N highestY −  with the highest total score

1 1arg max ( , , , )t N

t t t
y

score y x y y=

= −
. 

4. Experiment and analysis 

4.1 Operating environment and data set 

Using the deep learning framework PyTorch, the framework supports GPU accelerated computing. 
This model is implemented by CUDA8.0+cuDNN-5.1 to perform accelerated calculations on the 

GPU for training and testing. 

The model selection was performed on the MSCOCO image set, which contained 123287 training 

images, 40775 test and verification images, and each image in each image set had a corresponding 

description of 5 individual notes. According to the rules of use of Kapathy et al[10], for the MSCOCO 
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dataset, 82783 images and their reference sentences are taken as the training set, and 5000 images 

and their reference sentences are taken as the verification set from the original verification set. Take 

5000 images and their reference sentences as test sets. 

4.2 Evaluation indicators 

There are three main types of evaluation indicators for image description model generation results: 

BLEU[13], METOR[9], CIDEr[18]. These three evaluation indicators are commonly used to evaluate the 

accuracy of machine translation results, and are all highly reliable scoring methods in the current field. 
It is calculated by the correspondence between the description sentence generated by the model and 

the reference sentence, and scored by the function of the degree of matching of the different 

measurement words to the words respectively. 

4.3 Model training and quality verification 

In order to verify the effect of the proposed model, the model is trained and tested. The ADAM 

optimization method was first used in the training. The parameters alpha and beta were set to 0.9 and 

0.999, and the batch size was 32. In the training, the learning rate is set to 41 10−  for 31 rounds of 

training. Then, when using the SCST intensive learning method, the learning rate is changed to 
51 10− . After training for 50 rounds, the learning rate is adjusted to the last 10 rounds of the model. 

Optimization and parameter adjustment. 

After the training of the model in this paper is completed, the quality of the model is verified by using 

the optimal selection technique. As the size of the candidate increases, the resulting language 

description quality and score are higher. Considering the necessity and practicability as well as the 

occupation of memory resources, it is found that the candidate value is set to 5, which is the best. In 

order to simulate the real reasoning conditions as much as possible during the verification period, the 

model also uses the Teacher forcing method, as it is done during training, regardless of the last 

generated word, still in each decoding step during verification. Use the reference description as the 

input to the next decoder. This method also speeds up the training process and improves efficiency. 

4.4 Evaluation and analysis of results 
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Fig. 3 Examples of running result 

Figure 3 is a content description statement generated by the model model for the example image. It 

can be seen that the image after the model annotation process, whether the model or the observer can 

quickly find the main target and important region in the image, and this information is very helpful 

for accurately describing the image content. 

Although several images are different, the model can accurately mark the main targets in the image 

and describe the content of the image. From various types such as zebras, or different environments, 

such as grass or ocean, or even the number of horses, models can mark their areas and generate 

accurate descriptions. It can be seen that the performance of the model is very good. 

 

Table 3 Compare scores with mainstream algorithms 

Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR CIDEr 

Review Net[15] 72.0 55.0 41.4 31.3 25.6 96.5 

PG-BCMR[12] 75.4 59.1 44.5 33.2 25.7 101.3 

SCST:Att2in[5] 78.1 61.9 47.0 35.2 27.0 114.7 

LSTM-A3[7] 78.7 62.7 47.6 35.6 27.0 116 

Up-Down[2] 80.2 64.1 49.1 36.9 27.6 117.9 

Adaptive[15] 74.8 58.4 44.4 33.6 25.7 104.2 

Ours 81.4 66.7 50.3 38.4 28.2 119.7 

In Table 3, the experimental results of the model proposed in this paper and the comparison with the 

performance of other mainstream methods are provided. Through the numerical results of different 

indicators, it can be seen that the proposed model has a good performance in the image description 

generation task on the MS COCO dataset. 

5. Conclusion 

This paper proposes an image description model that combines attention and optimal selection. The 

language description is generated by inputting the features of the input image using the pre-trained 

ResNet into the LSTM incorporating the attention mechanism. A description of the image is generated 

in the decoder based on the information at the previous moment, and the primary target of the image 

is represented in the result. The model proposed in this paper can combine image visual features and 
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semantic features to describe the image. Finally, the model proposed in this paper shows the model 

with good results through various experiments. And compared with the previous model, the accuracy 

is obviously improved. In summary, this paper improves the accuracy of image description, 

effectively improves the diversity and naturalness of language, and meets the original requirements 

in real time. 

During the experiment, it was found that the model is easy to describe and error when the image used 

has low resolution and background confusion. Therefore, how to combine the video description 

method to make the deep learning network learn more robust features is the focus of the next step. 
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