International Journal of Software and Informatics, ISSN 1673-7288 g
http://www.ijsi.org, ijsi@iscas.ac.cn, +86-10-62661048 International Journa

1JSI, 2023, 13(2): 221-241, doi: 10.21655/ijsi.1673-7288.00316 fjfﬁ v gE i
©2023 by Institute of Software, Chinese Academy of Sciences. All rights reserved. By ormatics
3l
Research ;

Article

End-to-end Image Captioning via Visual Region
Aggregation and Dual-level Collaboration

Jingkuan Song (‘K #F 7), Pengpeng Zeng (%5 My M), Jiayang Gu (Ffl & %),
Jinkuan Zhu (% & 5%), Lianli Gao (% %)
(School of Computer Science and Engineering, University of Electronic Science and Technology of China,

Chengdu 611731, China)
Corresponding author: Jingkuan Song, jingkuan.song@gmail.com

Abstract To date, Transformer-based pre-trained models have demonstrated powerful
capabilities of modality representation, leading to a shift towards a fully end-to-end paradigm
for multimodal downstream tasks such as image captioning, and enabling better performance
and faster inference. However, the grid features extracted with the pre-trained model lack
regional visual information, which leads to inaccurate descriptions of the object content by the
model. Thus, the applicability of using pre-trained models for image captioning remains largely
unexplored. Toward this goal, this paper proposes a novel end-to-end image captioning method
based on Visual Region Aggregation and Dual-level Collaboration (VRADC). Specifically, to
learn regional visual information, this paper designs a visual region aggregation that aggregates
grid features with similar semantics to obtain a compact visual region representation. Next, dual-
level collaboration uses the cross-attention mechanism to learn more representative semantic
information from the two visual features, which in turn generates more fine-grained descriptions.
Experimental results on the MSCOCO and Flickr30k datasets show that the proposed method,
VRADC, can significantly improve the quality of image captioning, and achieves state-of-the-art
performance.
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With the popularization of intelligent terminals and multimedia devices, massive,
multimedia data such as images and videos are uploaded to sharing websites or platforms
such as Instagram, Twitter, TikTok, and YouTube everyday. Since these data contain rich and
valuable information, how to enable computers to automatically understand and analyze the
content of multimedia data and serve users with a better interactive experienceh as become
a research hotspot in computer science. As a basic task in this field, image captioning!!™
aims to automatically generate a natural language sentence consistent with the content of a
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given image. This task needs to be accomplished in a variety of scenarios such as content-
based image retrieval and recommendation!, intelligent blind guide system', and human-
machine interaction!® 7. Although the current computer vision and natural language processing
technologies have achieved great progress in visual content understanding and language semantic
analysis, image captioning is challenging because it needs to both understand the rich visual
information and generate complex semantic description. It can be regarded as the touchstone to
judge whether Al has completed the leap from perception to cognition.

The available image captioning methods are mostly based on the encoder-decoder
framework of the neural machine translation™. The encoder uses visual feature extractors
such as Convolutional Neural Networks (CNNs)"” and object detection networks!'” to analyze
and extract the visual information of the images. The decoder uses language generators such
as Recurrent Neural Networks (RNNs)!'!! and Transformer!'” to generate natural language
descriptions. The mainstream image captioning methods are two-stage models, as shown in
Figure 1(a)(i). Specifically, the pre-trained visual feature extractor is used to obtain offline
visual features, with which the proposed network frameworks such as RSTNet"®! and DLCT!?
are trained. Significant progress has been achieved in the above methods. However, due to
the differences in data domain and task form between the pre-trained visual feature extractor
and the downstream image captioning task, how to improve the model performance becomes
a bottleneck. Moreover, extracting offline visual features is time-consuming, which makes it
inapplicable to real-time image captioning scenarios.
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Figure 1 Comparison of structure and performance between two-stage model and one-stage model in
image captioning

U4 and swin Trans-

Transformer-based pre-trained models such as vision Transformer
former!"®! have recently achieved great progress in visual tasks such as image classification
and object detection. The fully end-to-end image captioning model based on Transformer, i.e.,
the one-stage model shown in Figure 1(a)(ii), has more powerful capabilities and thus has become
a new research hotspot. This model can ensure the architecture unity between the encoder and
the decoder and optimize the parameters of them at the same time. As shown in Figure 1(b), the
one-stage model demonstrates improved performance compared with the two-stage model, with
an average increase of 3.7 points in CIDEr!'®!. Although the Transformer-based fully end-to-end
model shows great potential, how to align the strong visual features obtained from the pre-trained
model with the language words remains to be explored. Fang er al.!'” assisted text generation by
extracting entity concepts or attribute representations from a given image. Wang ef al.''® added
pre-fusion between the generated word embedding and the global image features to increase the
interaction between multimodal features, so as to improve the inference from image to caption.

Currently, visual features can be classified into two types: grid features and region features.
The former can be extracted from the evenly divided grids with the same size of an image through
a visual feature extractor, covering the information of the entire image. The latter refers to the
representative region feature of objects in an image imported into an object detection model.
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The vision Transformer-based end-to-end image captioning method extracts grid features and
not the region object information in the image. The semantic information involved in the
complete description of the content of an image is complex. As shown in Figure 1, the semantic
information of this description is complex, and the detailed words such as “young”, “stands at”,
and “hit an oncoming” need the context information of the whole image for inference, which is
the advantage of grid features. However, the nouns such as “baseball player”, “plate”, “motion”,
and “ball” in the sentence often correspond to the object information in the image, which is
the advantage of region features. One solution is to integrate the end-to-end object detection
technology into the model, but the complex model design and the high computing cost make it
inconducive to the training and test of the end-to-end model.

To solve the above problems, this paper proposes a novel end-to-end image captioning
method based on Visual Region Aggregation and Dual-level Collaboration (VRADC). Figure 2
illustrates the architecture of this model. First, vision Transformer is used to extract visual
grid features from the original image as the initial features. To learn the compact visual region
representation, this paper proposes a visual region aggregation module, which uses learnable
semantic clustering to aggregate the features with the same semantic information in the grid
features. Each cluster center implicitly represents a representative visual region feature. In
addition, this paper proposes a dual-level collaboration module to learn the relationship between
grid features and region features. Specifically, under the guidance of region features, the
cross-attention mechanism is used to obtain the semantic features with higher-quality visual
information, which will improve the image captioning quality.
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Figure 2 Schematic diagram of VRADC

This paper makes the following contributions.

(1) This paper is the first work to consider the region object information in end-to-end
image captioning. Without explicit supervision, this paper proposes a visual region aggregation
module, which implicitly learns the distinctive and representative region features from the grid
features.

(2) This paper proposes a dual-level collaboration module, which integrates the learned
region features into the grid features to obtain more representative semantic features for
generating more fine-grained descriptions.

(3) The VRADC method proposed in this paper has been verified by a large number of
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experiments with two public datasets: MSCOCO and Flickr30k. The experimental results
show that our method achieves state-of-the-art performance and is superior to the mainstream
methods, and even better than some large-scale pre-trained visual and language models.

Section 1 of this paper introduces the relevant methods and research status of image
captioning, pre-trained vision models, and pre-trained vision-language models. Section 2 details
the image captioning based on the VRADC method. Section 3 introduces the experimental
settings (including datasets and training details) and the quantitative and qualitative experimental
analysis to prove the effectiveness of the method proposed in this paper. Section 4 makes a
summary and prospects the future research directions.

1 Related Work

1.1 Image captioning

Image captioning is a research hotspot with emerging research achievements in recent
years. The available image captioning methods are mostly based on the encoder-decoder
framework, where the encoder extracts image features and the decoder uses the extracted image
features to generate descriptions. According to the structure of the image captioning model, this
section introduces two classes of image captioning methods: the RNN-based encoder-decoder
framework and the Transformer-based encoder-decoder framework.

RNN-based encoder-decoder framework. The RNN-based encoder-decoder frame-
work has significantly improved the quality of machine translation, and it is thus used for image
captioning. The initial works!*!"" used CNN to extract the visual information from images
and RNN to generate the final description. However, these methods mainly use global visual
information and loss local features in the images. As a result, the decoder fails to accurately
analyze the details of the image. People focus on the regions of interest when describing an
image. Inspired by this phenomenon, researchers apply the attention mechanism to the RNN-
based encoder-decoder framework. Xu er al.”**! proposed a LSTM-based attention mechanism
module, which calculated the attention weight of LSTM’s current hidden features to each region
in the image and dynamically selected the region related to the current word as the visual input of
the decoder, so that the generated text can accurately focus on the significant object and details.
Chen et al.”! proposed a hierarchical attention-based image captioning method, which used
hierarchical attention to adaptively select the convolutional feature map generated by CNN to
guide word generation. Furthermore, Chen et al.*® proposed a RNN-based attribute attention
module to help the model predict the attribute information in the image, and used the predicted
attribute information to assist the captioning, thus improving the prediction accuracy of the
model for high-frequency attribute words. Later, Anderson et al.!" used Faster R-CNN!'" as the
encoder and replaced the region features extracted by CNN with the features extracted by Faster
R-CNN. Moreover, they proposed that bottom-up and top-down attention focused on regional
objects rather than grid features. Yang et al.>* mapped the fine-grained semantic scene map
into the RNN-based encoder-decoder, aiming to improve the quality of image captioning by
using the inductive bias of language.

Transformer-based encoder-decoder framework. As major breakthroughs have been
made for Transformer in the field of natural language recently, the Transformer-based image
captioning methods have sprung out. The core idea of this framework is to use the self-attention
or cross-attention mechanism in Transformer to strengthen the visual information encoding and
the information interaction between vision and language. In order to make the encoder and the
decoder of Transformer more adaptive to image captioning, researchers have proposed a variety
of schemes for improvement. Pan e al.”® proposed a bilinear attention module, which used
spatial and channel bilinear attention distribution to capture the interactive information between



Song JK, et al. End-to-end image captioning via visual region aggregation and ... 225

object features. By embedding the relative position information into the multi-head attention
mechanism, Chen ez al.?® improved the direction perception between visual features. Cornia
1271 stored the relationship between object features at different levels as prior knowledge,
and then used the prior knowledge to assist in the generation of semantic descriptions at different
levels. Later, Jiang et al.®™ reported that grid features were superior to region features in terms
of performance and time cost after re-examination. Zhang et al.’*) proposed a grid enhancement
module based on grid visual features to consider the relative relationship between grid locations.

et al.

The proposed adaptive attention module would adaptively measure the contribution of visual
cues and language cues to predict the final word based on the Transformer decoder.

However, the above methods belong to two-stage models: extraction of the visual features
and training of the designed model. Recently, the Transformer-based pre-trained model
demonstrates good performance in visual classification, and even surpasses the CNN-based
pre-trained model. Therefore, the Transformer-based image captioning method, a one-stage
method, is proposed. This method is applicable in real-time scenes and can generate accurate
image descriptions. Wang er al." first applied swin Transformer to this field and increased
the interaction between the two modes through the pre-fusion of global visual features and
current predicted words. Fang et al."'™! used vision Transformer as an encoder and introduced an
additional module to predict high-frequency concept words, thereby improving the perception
of concept-related grid features by the encoder. They then incorporated the extracted concept
word features into the grid features to further improve the visual features. These methods
prove that the grid features encoded by Transformer contain rich semantic information and are
suitable for the downstream visual language tasks such as image captioning. In addition, the
Transformer-based encoder-decoder network realizes the unification of the network structure.

1.2 Pre-trained vision model

The development of visual language tasks is inseparable from the pre-trained vision models,
which provide semantically rich visual features for the downstream tasks of visual language.
In the early visual language works, CNNs such as ResNet™' and VGGP” are used as visual
feature extractors. Generally, these CNNs are pre-trained by classification loss with image
classification datasets such as ImageNet. However, because the classification dataset has only
a rough category label for each image, the image feature obtained by such training does not
contain rich information. The emergence of object detection networks represented by Faster
R-CNN'? and YOLOP" solves this problem. Different from the classification task, the pre-
trained task and the pre-trained dataset of object detection networks are more suitable for the
downstream task of visual language. VisualGenome!®? is used for training since it uses massive
annotation data with more fine-grained information including attributes and objects, which is
exactly the focus of image captioning. Moreover, the resolution of the image processed by the
object detector is higher than that by CNNs (such as 448 x 448 vs. 256 x 256), and thus
the region features of the object obtained have higher quality than the grid features extracted
by CNNs. The recently emerged Transformer!'* ¥ encodes the image into a series of visual
tokens. Compared with CNNs, Transformer has a larger field of perception and no inductive
bias, thus achieving state-of-the-art performance in large-scale multi-label classification visual
datasets such as ImageNet-21k. In addition, the Transformer-based structure is more suitable
for combining with the downstream tasks of visual language. Therefore, using the Transformer-
based pre-trained model as the image feature extractor has become the common practice of
current visual language tasks.
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1.3 Pre-trained vision-language model

Inspired by the great success of the pre-trained method in the field of vision or language,
large-scale pre-trained vision-language models have gradually become a research hotspot.
Generally, such models are also based on Transformer. For this purpose, a series of agent
tasks such as visual masking, text masking, and image-text matching are designed to train the
model. The datasets used for pre-training are usually the datasets of large-scale image-text pairs,
such as Conceptual Captions”®*! and HowTo100M™*. The existing pre-trained vision-language
models can be classified into single-stream models and dual-stream models according to the
fusion of visual and text information. The single-stream models represented by VisualBERT™*,
VideoBERTP® VinVLP? | and MDETR"™® assemble text and visual features together and then
pass them into a Transformer to complete the fusion of features. The dual-stream models
represented by LXMERT™!, ALIGN"", ALBEF*!, and Frozen'*”' pass the text and visual
features into the Transformer of each stream and then use the cross-attention module of each
stream to fuse the features.

In addition, the pre-trained vision-language models can be classified into encoder models
and encoder-decoder models according to the architecture. Most of the existing pre-trained
vision-language models are encoder models, such as ALIGN, VinVL, and ALBEF. They
directly feed the cross-modal representation into the output layer to generate the final output.
The encoder-decoder models represented by MDETR and UniVL import the cross-modal
representation to the encoder and then transmit it to the decoder for decoding.

2 Methods

This paper proposes an end-to-end image captioning method, VRADC, which is a
Transformer-based encoder-decoder model. Specifically, for a given image, the pre-trained
swin Transformer is used as the visual feature extractor to extract the grid features, which are
expressed as G = {g1, g2, - - , gm }, where M represents the number of grids in the image and
gm represents the feature of the grid m. To learn the regional information in the image, this
paper designs a visual region aggregation module, which aggregates the semantically similar grid
features into compact region features expressed as R = {ri,r2,--- ,rn}, where N represents
the number of aggregation regions and 7, represents the feature of the region n. Then, a
dual-level collaboration module is introduced to learn the relationship between grid features and
regional features and generate more semantic and complete visual semantic features expressed
as V = {v1,v2,- - ,un}. Finally, V is imported into the Transformer decoder to generate the
final image description Y = {y1,y2,- - ,yr}, where T is the longest length of the generated
description. Figure 2 illustrates the overall framework of VRADC. This section details the
specific implementation of VRADC.

2.1 Visual feature extraction

The existing algorithms have proved that representative visual features are more conducive
to image captioning. Transformer-based models and their variants such as BERT™* and GPT™*¥
have shown improved performance in natural language processing. Some pioneering work
has introduced them into computer vision tasks. Transformer-based models such as vision
Transformer and swin Transformer surpass CNN-based models in terms of performance and
representation capacity. In this paper, swin Transformer with powerful performance is used as
a visual feature extractor, which can establish a Transformer-based model for end-to-end image
captioning from the raw image.

In this module, the image is first divided into B disjoint patches recorded as I, € RP*P*3,
where {H, W} and { P, P} represent the sizes of the image and the patch, respectively. N =
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(H + W)/P? is the number of patches and also the effective sequence length input into swin
Transformer. The patches are then tiled and input into a trainable embedding layer to obtain the
patch embedding vector. To preserve the location information, we use the position embedding
into the patch embedding vector. Next, the patch embedding vector goes through four encoding
stages. Each stage contains a patch feature fusion layer and multiple adjacent swin Transformer
core units, which are used to obtain hierarchical visual representation. The patch feature fusion
layer reduces the total size of local features to a quarter of the original size by assembling the
region features of 2 x 2 patches. Each core unit is composed of a multi-head self-attention
module based on a shift window, a multi-layer perceptron module, a GELU nonlinear layer,
and a normalization module. Multiple core units can introduce cross-window connections
while maintaining the effective computation of the originally non-overlapping windows, thereby
improving the representation of the whole model. Finally, this paper uses the features output in
the last stage of the swin Transformer as grid features, which are represented as GG and input into
the next module.

2.2 Visual region aggregation

As mentioned above, the grid features extracted by the swin Transformer lose the regional
information, which leads to the inaccurate description of some object information. One feasible
solution is to integrate the end-to-end object detection into the model to make up for its short
comings. However, the object detection is not conducive to the end-to-end model training and
testing due to the complex process and high cost of computation. If grid features with the
same semantics can be implicitly selected and aggregated into multiple subspaces to obtain
pseudo-region features, the operation will become more flexible. Therefore, this paper designs
a visual region aggregation module, which aggregates grid features into multiple cluster centers
without explicit supervision. Each cluster center integrates similar semantic information in grid
features, representing a possible representative region.

In this module, the distance between the grid feature and the cluster center was calculated
to obtain the compact region feature R. First, N learnable cluster centers are set and expressed
as C' = {c1,c2,- - ,cn}. Then, the correlation between the grid feature g, and the cluster
center ¢, is calculated as

_ exp (gmc;ll‘ + bn)
Sry exp (gmel + i)

ey

Tm,n

where b, and by, are learnable parameters. After weighting all grid features, the region feature
T, 18 obtained as

M
rn = Norm <Z Tm,n(gm — 5n)> 2)
m=1

where Norm is the L2 norm normalization operation and ¢, is the learnable parameter with the
same size as c,,. The final feature R is defined as the region feature.

2.3 Dual-level collaboration

This paper uses the dual-level collaboration module to establish the relationship between
grid features and region features, so as to obtain richer visual representation. This module mainly
adopts the cross-attention mechanism. As shown in Figure 2, first, different fully connected
layers are used to map the grid feature G to query Q)¢ and the region feature R to the key
Kr and value Vr. The similarity between G and R is calculated by the dot-product attention
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function and expressed as a matrix.

3)

T
S = Similarity(Qc, Kr) = Softmax (QGKR>

Vd

where S(m,n) represents the importance of the region feature 7, to the grid feature gnm,.
Considering the semantically related region information, this paper employs the Multi-Head
Attention (MHA) mechanism to recalculate the similarity .S according to Eq. (3).

In the multi-head attention mechanism, Q ¢, K r, and Vg are mapped to multiple different
subspaces, and then the similarity S” of each subspace is calculated according to Eq. (3). The
outputs of all the heads are connected together to give a feature P through the nonlinear layer:

Pr=s"vEk n=1,2,--- H
P= [Ph;P”’;...;Ph] wh o

where H is the number of subspaces. Finally, the feature is normalized by layer normalization
and added to an original grid feature to produce a region-related grid feature G:

G=G+ LayerNorm(P) 5)

A more refined visual feature can be obtained by stacking MHA blocks in L layers. The
output of the last MHA block is taken as the final visual semantic feature V.

The visual semantic feature is input into the Transformer decoder to generate the final
description Y.

Y = TransformerDecoder(V) 6)
24 Model training

To train the model proposed in this paper, a two-stage training strategy the same as that
of mainstream algorithms' ¥ is adopted. In the supervised learning stage (stage 1), the cross-
entropy loss is used to learn the difference between the generated word and the reference word.
In the reinforcement learning stage (stage 2), the CIDEr of sentences is used as the reward of
reinforcement learning to optimize the generation performance of the model.

In stage 1, the cross-entropy loss of the model is minimized by giving the sentence Y™ =

{yT,y5, - ,yr} of the reference description of the image:
T
Lop == 10g (po(y} lyt—1) @
t=1

where 6 is the parameter of the model. In the training of this stage, the words predicted by the
model in the current time step largely depend on the words generated previously. The inaccurate
word generation by the model in the previous time step will lead to error accumulation, further
lowering the accuracy of the description generated by the model. In addition, the training loss
in stage 1 is not correlated with the evaluation criteria. That is, the training and test objectives
of the model are inconsistent.

To solve the above problems, in the stage 2, the idea of SCST™* is adopted and reinforcement
learning is introduced into the model training process to optimize CIDEr as a reward, thus
minimizing the negative reward expectations.

Lrr = —Ey,.rpy [T(yer)] ®)
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where r(-) is the CIDEr-D of the description y1.7. The Monte Carlo method is used to
approximate the gradient Vo LRy,

k
1 i 7
VeLrL~ — > (T(ym) - b) Vo log po(y1.7)

k
b= <Zr<yi>> ©)

where k refers to the number of sampled sequences; y.1- refers to the description sequence
obtained by the sampling ¢; and b represents the average reward value obtained with the sampled
sequences. Through reinforcement learning, the generation of description can be optimized
directly from the criteria, avoiding the local optimum caused by only one cross-entropy function.

3 Experiments

To evaluate the performance of the proposed VRADC method, this paper carried out a
large number of experiments with two public datasets: MSCOCO™® and Flickr30k™*”. The
experimental results were quantitatively and qualitatively analyzed. Furthermore, VRADC is
compared with the current mainstream algorithms for image captioning. This section first
introduces the experimental dataset, evaluation criteria, and implementation details, and then
analyzes the experimental results.

3.1 Datasets and evaluation criteria

3.1.1 Datasets

Like the mainstream methods, this paper conducts experiments on the MSCOCO and
Flickr30k datasets to evaluate the performance of the proposed VRADC model.

MSCOCO is a large English dataset commonly used in image captioning, with a total
of 164,062 images collected from online websites. To facilitate offline training and testing,
123,287 images are labeled with sentence descriptions, and each image has at least 5 reference
descriptions. In this paper, the MSCOCO dataset is divided into a training set, a validation set,
and a test set with 113,287, 5,000, and 5,000 images, respectively, according to the division
method provided by Karpathy™®!. In addition, MSCOCO provides an online test platform, which
has 40,775 images with unavailable descriptions for further assessing the model performance.

The Flickr30k dataset is composed of 31,783 images from the Flickr website. The images
cover a variety of human activities, events, scenes, and other visual content, and each image is
labeled with five English sentences generated by network users. For fairness, this paper employs
the division method provided by Young er al.™"!, using 29,783 images for training, 1,000 images
for validation, and 1,000 images for test.

3.1.2 Evaluation criteria

To ensure the fairness of evaluation, this paper uses five evaluation indicators including
BLEU@N™!, METEORP", ROUGE-LPY, CIDE!"'?, and SPICEP* commonly used in image
captioning to measure the quality of the description generated by the model. Among
the indicators, BLEU@N is often used to evaluate the accuracy of the machine-generated
description by comparing the n-gram coincidence degree between the reference description
and the generated description. A higher coincidence degree indicates more accurate generated
description. METEOR, an improved version of BLEU, is used to calculate the recall rate and
accuracy rate of unigram weighting to evaluate the matching of sequence, synonym, root, affix,
and interpretation between sentences. ROUGE-L is often used to evaluate the quality of text
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abstract, using the longest common substring between sentences to calculate the accuracy rate and
recall rate. CIDEr performs TF-IDF weighting on each n-gram between sentences and calculates
the cosine similarity between TF-IDF weight vectors to measure the consistency between the
reference description and the generated description, thereby evaluating the consistency and
richness of image captioning. SPICE, a semantic analysis indicator based on the scene graph
structure, converts the reference description and the generated description into a sentence scene
graph and then analyzes the objects, attributes, and relationship between sentences. The code
developed in this paper is available on GitHub (https://github.com/jkdxg/VRADC).

3.2 Experimental settings

Swin Transformer is used as the backbone of the encoder for visual feature extraction.
Because of the different configurations in model size and image resolution, this paper selects
two model sizes of Swin-B and Swin-L and two image resolutions of 224 x 224 and 384 x 384.
The visual features output by swin Transformer will be mapped to 512 dimensions. For each
description, this paper first uses a tokenizer to delete punctuation marks and then divide the
sentence into words. Then, all the words are converted into lower case letters. Finally, 10,201
words are selected to establish as the final word vocabulary after removal of the words that appear
less than 5 times. Both the dual-level collaboration module and the Transformer-based decoder
have 512 feature dimensions. Each layer has 8 self-attention headers, with 2,048 dimensions
in the fully connected layer. The dual-level collaboration and decoder have 5 and 3 layers,
respectively.

In model training, the Adam optimizer is used to optimize the parameters, which is
completed into two stages: supervised learning and reinforcement learning. In the supervised
learning stage, the number of total batches and iterations is set as 50 and 20, respectively. For the
network parameters extracted from the visual features and other parameters, the initial learning
rates are set as 4 x 107° and 4 x 1074, respectively. After 10 iterations, the learning rate
decays once every 3 iterations, with a decay rate of 0.8. In the reinforcement learning stage, the
number of total batches and iterations is set as 10 and 30, respectively, and the model learning
rate is fixed at 2 x 107°. After each round of training, the performance of the model was
evaluated with the validation set. Finally, the model with the highest CIDEr is used for test with
the validation set. In the testing stage, the Beam Search!>’!
the Beam size set as 5.

method is used for modeling, with

3.3 Quantitative analysis of experimental results

3.3.1 Framework exploration and comparison

The core of VRADC is to obtain visual information with richer semantics for high-quality
image captioning. This section introduces the comparative experiments for proving the powerful
performance of VRADC, mainly focusing on the following questions.

* RQ1: In the visual region aggregation, does the different number of cluster centers affect

the experimental results?

* RQ2: In the dual-level collaboration, does the cross-attention of different layers affect

the experimental results?

¢ RQ3: Does different visual feature extractor skeleton affect the experimental results?

* RQ4: In the dual-level collaboration, do different attention mechanisms affect the

experimental results?

* RQS5: Does the adoption of a fully end-to-end training strategy affect the experimental

results?

RQ1: In the visual region aggregation, does the different number of cluster centers affect
the experimental results?
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To answer this question, this study sets a different number of cluster centers (N =5, 7,9,
11, 13), 3 layers in the dual-level collaboration, Swin-B as the visual feature extractor, and the
image resolution of 224 x 224. The experimental results are shown in Figure 3.
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Figure 3 Effects of different cluster center numbers in visual region aggregation on model performance

It should be noted that the visual region aggregation module is designed to obtain
representative regional information. As shown in Figure 3, the performance is the best at
the number of cluster centers being 9. Too many cluster centers may make it hard to find
representative regions, thus affecting the performance of the model. Too few cluster centers
lead to the loss of massive weak semantic information, also resulting in poor performance of the
model. Therefore, an appropriate number of cluster centers is the key for the model to obtain
the optimal results. The final model is set with 9 cluster centers.

RQ2: In the dual-level collaboration, does the cross-attention of different layers affect the
experimental results?

With 9 cluster centers, the model is set with different cross-attention layers (L = 1, 3,
5,7,9), Swin-B as the visual feature extractor, and the image resolution of 224 x 224. The
experimental results are shown in Figure 4, which demonstrate that different cross-attention
layers have small impact on the performance of the model, and too many layers mean the
introduction of more parameters. Finally, the dual-level collaboration is set with 5 layers.
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Figure 4 Effects of different cross-attention layers in dual-level collaboration on model performance

RQ3: Does different visual feature extractor skeleton affect the experimental results?

To answer this question, the study adopts different pre-training settings in swin Transformer
to initialize the visual feature extractor from two aspects: pre-trained model size (Swin-B and
Swin-L) and image resolution (224 x 224 and 384 x 384). The experimental results are shown
in Table 1. In addition to the image captioning results, Table 1 lists the original performance
and parameters of pre-trained models in image classification.

The following conclusions can be drawn from Table 1. First, the performance of the
pre-trained model is crucial to the method proposed in this paper. When Swin-L is used as a
visual feature extractor, the model demonstrates improved performance since a larger model has
better performance in image classification and modality representation. Second, with the same
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Table1 Effects of different visual feature extractors on model performance

Pre-trained  Image Image captioning Image classification
model resolution Bl B4 M R C  Acc@1 (%) Acc@5 (%) Params (M)
Swin-B 224 x 224 81.02 39.04 29.16 58.55 134.1 85.2 97.5 88
Swin-B 384 x 384 82.75 4130 30.28 59.82 141.5 86.4 98.0 88
Swin-L 224 x 224 82.48 40.64 29.73 59.43 139.5 86.3 97.9 197
Swin-L 384 x 384 83.09 41.33 30.56 60.34 143.3 87.3 98.2 197

pre-trained model, the increase in image resolution from 224 x 224 to 384 x 384 improves
the model performance (CIDEr) from 134.1 to 141.5 for Swin-B and from 139.5 to 143.3 for
Swin-L.

RQ4: In the dual-level collaboration, do different attention mechanisms affect the
experimental results?

To evaluate the performance of different attention mechanisms in dual-level collaboration,
the ablation experiment was carried out. As shown in Table 2, there are two attention
mechamisms: parallel attention and cross-attention. The former refers to inputting grid
features and learned region features into the self-attention module to obtain representative
features. The cross-attention mechanism adopted in this paper integrates one feature into
another feature to obtain representative feature. The cross-attention mechanism includes two
ways: (1) cross-attention (region): integrating grid features into the learned region features to
obtain representative visual features; (2) cross-attention (grid): integrating the learned region
features into the grid features to obtain the representative visual features. The results in Table 2
indicate that the cross-attention (grid) mechanism outperforms the other two methods in terms
of CIDEr. Therefore, the cross-attention (grid) mechanism is adopted in this study.

Table 2 Effects of different attention mechanisms on model performance

Attention mechanism B1 B4 M R C
Parallel attention 81.33 39.00 29.18 58.66 1339
Cross-attention (region)  81.07 3853  28.83 58.19 1319
Cross-attention (grid) 81.02 39.04 29.16 58.55 134.1

RQ5: Does the adoption of a fully end-to-end training strategy affect the experimental
results?

One of the core viewpoints of this paper is that the fully end-to-end training strategy based
on Transformer is conducive to image captioning. To verify this viewpoint, this paper designs
an ablation experiment to train the proposed model with different parameter settings of swin
Transformer. The experimental results are shown in Table 3. The end-to-end training strategy
outperforms the non-end-to-end training strategy in other criteria except B1. In particular, the
CIDE:r is increased from 130.3 to 134.1, indicating the effectiveness of the end-to-end training

strategy.
Table 3 Effects of end-to-end training strategy on model performance

Training strategy B1 B4 M R C
Non-end-to-end (loading pre-training parameters)  81.19  38.46  28.38 57.81 130.3
End-to-end (loading pre-trained parameters) 81.02 39.04 29.16 5855 134.1
End-to-end (not loading pre-trained parameters) 647 21.89 2024 46.19 659

In addition, Table 3 suggests that the end-to-end training strategy with loading of the pre-
trained model parameters significantly influences the experimental results. The pre-training of
swin Transformer with ImageNet, a large image dataset, improves the image representation.
However, if the pre-trained parameters are not loaded, the model is trained from scratch. Due
to the large number of parameters and the lack of data, the model can be hardly fitted, which
further results in poor performance.
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3.3.2  Performance comparison on the MSCOCO dataset

This section compares the proposed method VRADC with the mainstream algorithms on
the MSCOCO dataset to verify the effectiveness of the proposed method. The mainstream
algorithms can be roughly classified into three classes. The first class is about two-stage models,
which use offline visual feature training models and generate descriptions, including Adaptive™,
SCSTH, Up-down!!, VRCDAP?!, GCN-LSTM"® AoANet®”!, M2 Transformer®”, GET™,
X-Transformer™!, DRT™%, RSTNet"®!, and DLCT!™®!. The second class includes one-stage
models. Such models input the original image and optimize the feature extractor and decoder,
including ViTCAP""! and PureT!®!. The third class is for pre-trained vision-language models,
which use massive data to learn the general multimodal representation, including Oscar”,
VinVLP"!, and SimVLM”, VRADC proposed in this paper belongs to the second class, being
a one-stage model. To fairly compare the above models, this paper carries out offline testing and
online testing.

(1) Offline testing. Table 4 illustrates the performance of VRADC and other algorithms
in offline testing. This table only shows the comparison results of single models. Firstly, one-
stage models, especially VRADC, have better performance than two-stage models. Compared
with RSTNet (ResNeXt152), VRADC (Swin-L 384) improves CIDEr by 7.7 points. Secondly,
VRADC supasses one-stage models in all the evaluation criteria. Thirdly, compared with the pre-
trained vision-language models using massive multimodal data, VRADC still achieves excellent
performance. Specifically, VRADC improves CIDEr by 0.8 point compared with SImVLM. In
general, the above experimental results fully demonstrate the high potential of VRADC.

Table4 Comparison of performance between VRADC and mainstream algorithms in offline testing

Visual feature

Model Method Bl B4 M R C S
extractor

Adaptive ResNet101 742 332 266 - 1085 -

SCST ResNet101 - 342 267 557 1140 -
Up-dowm F-RCNN101 79.8 363 27.7 569 120.1 214
VRCDA F-RCNN101 80.6 379 284 582 1237 21.8
GCN-LSTM F-RCNN101 809 383 28.6 585 128.7 22.1
Two-stage ) AoAN\et F-RCNN101 80.2 389 29.2 58.8 129.8 224
model M# Transformer F-RCNN101 80.8 39.1 29.2 58.6 131.2 22.6
GET F-RCNN101 81.5 39.5 293 589 131.6 22.8
X-Transformer F-RCNN101 809 39.7 29.5 59.1 132.8 234
DRT F-RCNN101 81.7 404 29.5 59.3 133.2 233
RSTNet ResNeXt101  81.1 39.3 294 58.8 133.3 23.0
DLCT ResNeXt101 81.4 39.8 294 59.1 133.8 23.0
RSTNet ResNeXt152 81.8 40.1 29.8 59.5 135.6 233
VIiTCAP ViT-B 384 - 403 294 59.5 1336 233
One-stage PureT Sw.in—L 384  82.1 409 30.2 60.1 1382 242
model VRADC (th%s study) S\x./m-B 224  81.0 39.0 29.2 585 134.1 23.0
VRADC (this study)  ViT-B 384 81.5 39.7 29.6 59.0 1353 233
VRADOC (this study) Swin-L 384 83.09 41.3 30.6 60.3 1433 243
Pre-trained Oscar ResNeXt152 - 417 30.6 - 140.0 245
vision-language VinVL ResNeXt152 - 410 31.1 - 1409 252
model SimVLM ViT-L - 403 334 - 1426 247

(2) Online testing. To further validate the effectiveness of VRADC, we submitted this
method to the official online test server for comparison with mainstream algorithms. Similar
to other models, four VRADC models are trained with the same parameters, and then the
descriptions generated by the four models are integrated to generate the final description.
This paper tested two configurations: Swin-B 224 and Swin-L 384. The experimental results
are shown in Table 5. Compared with all the other models, VRADC with the Swin-L 384
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Table 5 Comparison of performance between VRADC and mainstream algorithms in online testing

Bl B2 B3 B4 M R C
¢S 40 ¢S5 c40 5 c40 5 40 ¢S5 c40 5 c40 o5 c40
SCST 78.1 93.7 61.9 86.0 47.0 759 35.2 64.5 27.0 35.5 56.3 70.7 114.7 116.7
Up-Down 80.2 95.2 64.1 88.8 49.1 79.4 369 68.5 27.6 36.7 57.1 72.4 117.9 120.5
GCN-LSTM  80.8 95.2 65.5 89.3 50.8 80.3 38.7 69.7 28.5 37.6 58.5 73.4 1253 126.5
AoANet 81.0 95.0 65.8 89.6 51.4 81.3 394 71.2 29.1 38.5 589 74.5 1269 129.6
M2Transformer 81.6 96.0 66.4 90.8 51.8 82.7 39.7 72.8 29.4 39.0 59.2 74.8 129.3 132.1

Model

GET 81.6 96.1 66.5 909 51.9 82.8 39.7 729 294 38.8 59.1 74.4 130.3 132.5
X-Transformer 81.3 95.4 66.3 90.0 51.9 81.7 39.9 71.8 29.5 39.0 59.3 74.9 129.3 1314

DRT 82.7 96.5 67.7 91.5 53.1 83.4 40.9 73.6 29.6 39.0 59.8 75.0 132.2 1339

RSTNet 81.7 96.2 66.5 90.0 51.8 82.7 39.7 72.5 29.3 38.7 59.2 742 130.1 132.4
(ResNext101)

RSTNet 82.1 964 67.0 91.3 52.2 83.0 40.0 73.1 29.6 39.1 59.5 74.6 131.9 134.0
(ResNext152)

DLCT 82.0 96.2 66.9 91.0 52.3 83.0 40.2 73.2 29.5 39.1 59.4 74.8 131.0 133.4
(ResNext1101)

DLCT 82.4 96.6 674 91.7 52.8 83.8 40.6 74.0 29.8 39.6 59.8 75.3 133.4 1354
(ResNext152)
PureT (Swin-L  82.8 96.5 68.1 91.8 53.6 83.9 41.4 74.1 30.1 39.9 60.4 75.9 136.0 138.3

384)

VinVL* 81.9 96.9 66.9 92.4 52.6 84.7 404 749 30.6 40.8 60.4 76.8 134.7 138.7

VRADC 81.9 96.1 66.5 90.7 51.7 82.1 394 71.8 29.0 38.3 58.7 73.4 130.4 132.7
(Swin-B 224)

VRADC 83.6 97.5 689 93.3 54.3 85.7 42.0 76.2 30.7 40.6 60.6 76.3 140.6 1434
(Swin-L 384)

configuration still maintains the best performance in all indicators. In particular, VRADC
(Swin-L 384) has the c5 and c40 of CIDEr 4.6 and 5.1 points higher than PureT (Swin-L
384). In addition, the VRADC model with the Swin-B 224 configuration in this paper has also
achieved comparable performance with most mainstream models.

3) Comparison of parameter number, computational complexity, and inference
speed. In addition to the evaluation of the quality of sentences generated from image captioning,
this paper compares the computational complexity (FLOPS), inference speed, and model
parameters between VRADC and other models. VRADC and VITCAP are one-stage models
and directly generate the final image description from the original image. RSTNet and DLCT
are two-stage models which perform visual feature extraction and model prediction in image
captioning. For fair comparison, the calculation, inference speed, and model parameters of the
two stages are summed up for the two-stage models, and all the above four models are tested in
the same environment. The experimental results are shown in Figure 5.
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Figure 5 Comparison between VRADC and mainstream algorithms in terms of computional complexity,
inference speed, and parameters
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The following conclusions can be drawn from Figure 5. (1) VRADC has the lowest FLOPs
(Figure 5(a)), demonstrating low computional complexity; (2) VRADC ranked the second in
inference speed (Figure 5(b)), with the inference time 26 ms longer than RSTNet but much
shorter than the other two models. RSTNet is a two-stage model which needs data access,
conversion and other operations and thus has additional time consumption, while VRADC
proposed in this paper does not have the above problems; (3) VRADC has the fewest parameters
(Figure 5(c)), which means that it can be deployed on devices with a small storage space. In
general, VRADC proposed in this paper can well balance the computional complexity, inference
speed, and parameter number, demonstrating great advantages.

3.4 Performance comparison on theFlickr30k dataset

This section compares the performance of VRADC with the mainstream algorithms on the
Flickr30k dataset. The mainstream algorithms to be compared include Adaptive™, Soft-
Attention®!, Hard-Attention™, SCA-CNN'*| Semantic-Attention®", NBT**, A_R_LI®*],
IVAIC'! and VRCDAP!. As shwon in Table 6, VRADC achieves excellent performance
compared with other mainstream algorithms in all the criteria. The experimental results further
prove the effectiveness of VRADC.

Table 6 Comparison of performance between VRADC and other mainstream algorithms on

the Flickr30k dataset

Approach Bl B4 M R C

Soft-Attention 66.7 19.1 18.5 - -

Hard-Attention 66.9 19.9 18.5 - -
Adaptive 67.7 25.1 20.4 - 53.1

SCA-CNN 66.2 22.3 19.5 - -

Semantic-Attention 64.7 23.0 18.9 - -
NBT 69.0 27.1 21.7 - 57.5
A_R_L 69.8 27,7 21.5 48.5 57.4
IVAIC 70.8 30.6 22.5 49.8 63.0
VRCDA 73.2 30.6 22.7 50.6 66.0
VRADC 74.9 32.6 33.4 51.9 74.9

3.5 Qualitative analysis of experimental results

To qualitatively evaluate the visual representation obtained, this paper visualizes the
importance of visual features to the final output words, with the results shown in Figure 6.
Each example includes a raw image, as well as words and attention maps generated by a
reference model and VRADC at each time step. The cross-attention weight of the last layer of
the Transformer decoder is presented in this paper.

As shown in Figure 6, the reference model and VRADC can focus on the corresponding
regions when generating words. VRADC outperforms the reference model in terms of focus
region, object content, details, and context coherence. In the first example in Figure 6, the
description generated by VRADC is “a man wearting had sitting at a table with beer”, which
can accurately describe the environment where the human stays. However, the reference model
generates the description “a man wearing a green hat and a green tie”, which is only a rough
description of human appearance. VRADC can accurately focus on the corresponding region of
“hat”. In the second example in Figure 6, the description generated by VRADC is in line with
human expression habits and smoother than that generated by the reference model.

To intuitively prove that VRADC can generate more fine-grained descriptions, Figure 7
illustrates some descriptions generated by VRADC and the corresponding reference descriptions.
VRADC performs well in the captioning in terms of included details, content and other aspects,
generating descriptions even better than the reference. In addition, Figure 7 shows the heatmaps
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of the region information learned by the visual region aggregation. In each heatmap, different
colors represent different indicator values and region information. As shown in Figure 7, the
visual region aggregation module not only focuses on the visual region of the specific foreground
but also retains the discriminative background information in the image, which further proves
that VRADC can well learn the region information in the study space.

In addition, Figure 8 illustrates the descriptions generated by VRADC and Transformer.
The following conclusions can be summarized.

(1) VRADC can more accurately describe the object information such as the wood cutting
board in the first image and the two bowls in the second image than Transformer.

(2) The sentences generated by VRADC are more consistent with human’s description

a man wearing a en hat and a green tie
Reference model
a man wearin; hat sittin at i table with heer
VRADC

and other

vegethles in a

Reference model

of broceoli
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and 1 wooden sinn

Image
Heatmap
Reference | A young girl inhales with the Avery cute brown dog with A cat looking at his reflection Acat that is laying on a
description intent of blowing out a candle a dise in its mouth in the mirror computer keyboard
VRADC 1ci sitting at a table A dog running with a purple A siamese cal looking at its A cat laying on top of a
¢ with a bowl of foad frishee in its mouths retlection in a mirror eotputer keyboan
Figure 7 Descriptions generated by VRADC and reference descriptions
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= e
3 w0
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VRADC woaoden cutting board broceoli on a wooden table field with cows standing m front of a bus

Figure 8 Descriptions generated by VRADC and Transformer
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habits, such as “A person riding a horse in a field with cows” in the third image, which is more
coherent, being smoother.

(3) VRADC generates more diverse sentences, as manifested by description of the fourth
image that a young boy “wearing a hat” standing in front of a bus.

4 Summary and Prospect

This paper presented the novel Transformer-based image captioning method VRADC. This
method includes a simple and effective visual region aggregation module, which implicitly learns
representative regional information from grid features without any explicit supervision. Then, to
integrate regional information into grid features, this paper proposed a dual-level collaboration
module to obtain more semantic information, which can guide the model to generate a high-
quality description consistent with the image content. Further, experiments were carried out on
the MSCOCO and Flickr30k datasets, and the performance of VRADC was compared with that
of the mainstream algorithms. The experimental results showed that VRADC achieves state-
of-the-art performance in a variety of criteria and test environments. It even surpasses some
large pre-trained vision-language models. Quantitative and qualitative experimental analysis
also validated the effectiveness of VRADC.

In the future, a more effective visual region aggregation module will be designed to learn the
region information in images. Moreover, the dual-level collaboration module will be optimized
to improve the feature fusion method for generating a more fine-grained image description. In
addition, some pre-trained language models or knowledge maps can be introduced to enhance
the interpretability of the model, and the lightweight design of the end-to-end model to facilitate
model deployment to mobile intelligent terminals.
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