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Abstract: Image captioning attempts to generate a description given an image, usually taking
Convolutional Neural Network as the encoder to extract the visual features and a sequence model,
among which the self-attention mechanism has achieved advanced progress recently, as the decoder to
generate descriptions. However, this predominant encoder-decoder architecture has some problems
to be solved. On the encoder side, without the semantic concepts, the extracted visual features do
not make full use of the image information. On the decoder side, the sequence self-attention only
relies on word representations, lacking the guidance of visual information and easily influenced
by the language prior. In this paper, we propose a novel boosted transformer model with two
attention modules for the above-mentioned problems, i.e., “Concept-Guided Attention” (CGA) and
“Vision-Guided Attention” (VGA). Our model utilizes CGA in the encoder, to obtain the boosted
visual features by integrating the instance-level concepts into the visual features. In the decoder,
we stack VGA, which uses the visual information as a bridge to model internal relationships among
the sequences and can be an auxiliary module of sequence self-attention. Quantitative and qualitative
results on the Microsoft COCO dataset demonstrate the better performance of our model than the
state-of-the-art approaches.
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1. Introduction

Image captioning, a challenging task to generate a descriptive sentence within an image
automatically, has gained increasing attention as a prominent interdisciplinary research problem
in both the Computer Vision (CV) and Natural Language Processing (NLP) areas recently. This task
has many important practical applications, such as assisting visually-impaired people to understand
image content or improving image retrieval quality by discovering salient content. For humans,
this task is easy to achieve, while it is incredibly difficult for machines because they not only need
to recognize the specific objects and the relationship between them in the image, but also need to
integrate the aforementioned elements into a properly-formed sentence.

Even though many works [1–5] have been devoted to improving the quality of generated
descriptions, almost all the proposed methods are based on the CNN + LSTM framework, where the
Convolutional Neural Network (CNN) is adopted as the image encoder to extract visual features and
Long Short Term Memory (LSTM) is applied as the caption decoder to generate sentences. With the
development of Neural Machine Translation (NMT), a novel architecture appeared, transformer [6].
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It is based on the self-attention mechanism and has advanced the state-of-the-art methods on many
NLP tasks. Without recurrence, transformer accelerates the training process and uses the self-attention
to draw global dependencies between different inputs. We apply the transformer architecture to the
image captioning task in this paper. The common methods regard the CNN and the transformer
encoder as the whole image encoder and the transformer decoder as the caption decoder. However,
such an architecture for the image captioning task has some limitations as follows.

For the image encoder, semantic concepts, as shown in Figure 1, are full of rich semantic cues
and can be regarded as complementary knowledge to visual features. However, the commonly-used
image information is only from the visual features. The lack of semantic concepts greatly increases
the training difficulty since the unsolved semantic alignment problem has to be settled when training.
Therefore, we devise a concept-guided attention module to boost these visual features with the aid of
instance-level semantic concepts. Concept-guided attention is composed of two parallel self-attention
modules and an integration module, where the former is used to contextualize the visual features
and semantic concepts individually, and the latter is applied, complementing each other for boosted
visual features.

Figure 1. Illustrations of the completed image representations, which are composed of the visual
features and the corresponding semantic concepts. Compared with the baseline transformer, our model,
Boosted Transformer (BT), can generate more image-associated descriptions. The red words represent
the novel tokens discovered by our model.

For the caption decoder, transformer utilizes the self-attention mechanism to contextualize the
sequence information. This mechanism only uses the word representations of tokens as inputs,
and we name it as sequence self-attention (seq-to-self). However, without the guidance of visual
information, sequence self-attention has some bias in modeling the correlation between different word
representations. This further generates an inaccurate sequence representation because the correlation
between word representations is changeable with different visual scenarios. As a result, the obtained
sequence representation is possible to focus on a mistaken region in sequence-to-image (seq-to-image)
attention, which is used to attend to specific image regions. For example, the word “elephant” is
close to the word “grass” and far from “water” since the descriptions containing both “elephant”
and “grass” appear more frequently in the training set. Under the influence of this inductive bias [7],
the trained model is apt at producing a result for which if an image contains the objects “elephant”
and “grass”, the fixed collocation in its description, “elephant standing on the grass”, appears with
a high probability, as shown in Figure 1. Therefore, we propose vision-guided attention to mitigate
this problem, which draws in the visual information to improve the original sequence self-attention.

The contributions of this paper are as follows:

• We propose a Boosted Transformer (BT) model for image captioning, which replaces the recurrent
architecture with the self-attention mechanism. The proposed model makes full use of the
semantic concepts and the visual features to improve the generated description.
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• We design Concept-Guided Attention (CGA) to utilize the instance-level semantic concepts as
auxiliary information for the boosted visual features.

• Vision-Guided Attention (VGA) is devised to compensate for the lack of visual information
in sequence self-attention so that the model can produce more reasonable attention results for
accurate and image-associated descriptions.

• Extensive experiments on the Microsoft COCO dataset validate the effectiveness of our proposed
modules, which can further promote the performance of the transformer model. The proposed
BT model significantly outperforms previous state-of-the-art methods.

The rest of the paper is organized as follows. In Section 2, some related works about image
captioning and transformer are briefly introduced. In Section 3, we describe the overall architecture
of the BT model and our proposed CGA and VGA modules in detail. In Section 4, we introduce the
experiments validated on COCO datasets and some visualizations of experimental results for clear
explanations. In Section 5, we make a concise conclusion for our method.

2. Related Work

A large number of methods has been proposed for image captioning since the emergence of deep
learning [8]. The work in [9] proposed an encoder-decoder framework to generate a sentence given
an image, where CNN was used as the image encoder to extract the image features and LSTM was
used as the caption decoder to generate image descriptions word-by-word. Nevertheless, this method
only fed a constant vector of representing image features into the beginning step of LSTM, and the
subsequent steps did not use the image information. To solve this problem, the work in [10] proposed
an attention-based caption model, which attended to different salient regions of the image dynamically
at each step when generating the corresponding words, instead of feeding all image features to the
caption decoder at the initial step. The work in [11] proposed adaptive attention, determining when to
attend to an image or visual sentinel.

In addition to image features, semantic concepts are also utilized widely as another form of image
representation. Some recent works [12–14] used semantic concepts as supplementary information to
enhance semantic representations of visual features. The work in [15] proved the effectiveness of object
concepts in image captioning and discussed five different architectures of the caption model. The work
in [7,16] made full use of the broad semantic concepts, i.e., object, attribute, and relation, to construct
a scene graph and then obtained a richer image representations by employing Graph Convolutional
Network (GCN). Most of them regarded the visual features and semantic concepts as an ensemble
body and then fed them into the LSTM decoder. Self-attention is beneficial to increase the global
information for each region feature, so we propose a CGA module to process visual features and
semantic concepts with two independent self-attention mechanisms and finally integrating them.

The recurrence-based caption models have been firmly established as state-of-the-art approaches
and are popular in the sequence generation field. However, recurrent models have some limitations
on parallel computation and gradient vanishing/exploding [17]. Recently, the work in [1] applied
the transformer [6] decoder architecture to the task of image captioning and added multi-level
supervision to improve the model performance. Transformer is a standard encoder-decoder framework
proposed for neural machine translation and has advanced the state-of-the-art on various natural
language processing tasks. This architecture uses the self-attention mechanism to compute hidden
representations of two arbitrary positional inputs, avoiding the vanishing and exploding gradients.
The transformer decoder utilizes the sequence self-attention with three identical word representations
as queries, keys, and values to compute the attention map. However, this process ignores the affect of
visual information and is easily influenced by inductive bias. In this paper, we stack a vision-guided
attention mechanism to mitigate this problem.
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3. Methodology

In this section, we first introduce some background about transformer in Section 3.1, which is
the baseline model of our work. Then, we elaborate the overall architecture of our proposed model in
Section 3.2. Finally, the proposed CGA and VGA modules are illustrated in Sections 3.3 and 3.4.

3.1. Transformer Background

Vanilla transformer [6] adopts the encoder-decoder architecture with each part stacking N
identical layers, composed of the multi-head attention module and the feed-forward network module.
Each module is coupled with the layer normalization and residual connection, which can simplify and
steady the optimization process. Given that the transformer contains no recurrence or convolution,
the sequential order is not leveraged and can notably affect the quality of generated descriptions.
The work in [6] added an extra positional encoding after learning the word embedding to avoid this
situation. The positional encoding is defined as:

PE(pos,2i) = sin(pos/10, 0002i/dmodel ) (1)

PE(pos,2i+1) = cos(pos/10, 0002i/dmodel ) (2)

where pos is the absolute position of the token in the caption and i is the dimension. Transformer uses
scaled dot-product attention to deduce the correlation between queries Q and keys K and then obtains
the weighted sum of the values V. Scaled dot-product attention is the basis of multi-head attention,
and this computational process is shown as follows:

Attention(Q, K, V) = so f tmax(
QKT
√

dk
)V (3)

where the attention inputs are composed of queries Q, keys K, and values V with dimensions dk, dk,

and dv.
1√
dk

is used to counteract the effect of the large value of dk pushing the softmax function into

the regions of small gradients. Dot-product attention is faster and more space-efficient in practice
because it can be implemented by parallel optimization [6].

Compared with single attention, multi-head attention can learn different representation subspaces
at different positions. It contains h identical attention heads, and each head is a scaled dot-product
attention, performing the attention function on queries, keys, and values independently. Finally,
the h attention outputs are concatenated and projected back to the original dimension, producing the
final values.

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO (4)

headi = Attention(QWQ
i , KWK

i , VWV
i ) (5)

where WO ∈ Rhdv×dmodel , WQ
i ∈ Rdmodel×dk , WK

i ∈ Rdmodel×dk , WV
i ∈ Rdmodel×dv are trainable projection

matrices. To reduce the total computational cost, the work in [6] projected the original dimension of
dmodel=512 onto dk = dv = dmodel/h = 64 and h = 8.

The feed-forward network is another basic component. It is a two-layered fully-connected network
with a ReLU activation function, which is applied to each position separately and can improve the
nonlinear ability of the network.

FFN(x) = max(0, xW1 + b1)W2 + b2 (6)

where W1 ∈ Rdmodel×d f f , W2 ∈ Rd f f×dmodel are trainable projection matrices and b1, b2 are the biases.
In this work, d f f = 2048 and dmodel = 512.
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3.2. Boosted Transformer

In this section, we introduce a boosted transformer to solve the problem of learning to generate
a natural description given an image. We regard the combination of CNN, concept-guided attention,
and the feed-forward network as the BT encoder to obtain the boosted visual features. As for the BT
decoder, it is similar to transformer with the exception of adding a vision-guided attention module.
The overall architecture of BT is shown in Figure 2.

Figure 2. An illustration of boosted transformer for image captioning. The overall architecture of
the model is a transformer-based encoder-decoder framework. Faster R-CNN is first leveraged to
detect a set of salient image regions and then to obtain the aligned visual features and semantic
concepts. Next, a concept-guided attention module composed of two self-attention mechanisms and
an integration module is used to get the boosted visual features. After that, The boosted visual features
and the sequence representations are exploited by the caption decoder, which contains a sequence
self-attention, vision-guided attention, sequence-to-image attention, and a feed-forward network to
generate a caption. seq, sequence.

Image encoder: Traditional image captioning uses a CNN model pre-trained on the image
classification task (e.g., Resnet101 [18]) as the feature extractor, but recent research showed that
an object-based feature extractor can obtain more accurate information about the specific image
regions. In this paper, we acquire the visual features of the image through the latter approach as the
way adopted by faster RCNN [19]. For simplicity, given an image I, we can get image features V
and semantic concepts Y, where V = {v1, v2, ..., vn} ∈ Rn×2048, Y = {y1, y2, ..., yn} ∈ Rn indicate the n
regional features and the corresponding semantic concepts extracted by the detection model. Especially,
we adopt the linear-projected visual features as the visual features for the coherence with the model
dimension in the following sections, where V ∈ Rn×dmodel . After that, CGA is used to contextualize the
visual features and the semantic concepts for the boosted visual features as elaborated in Section 3.3.

Caption decoder: Given a caption, word embedding [20] is first used to project each token into the
word vector, forming a sequence matrix Ecap(Y) = {w1, w2, ...wL} ∈ RL×dmodel , where L is the length
of the caption and word embedding Ecap ∈ Rvocab×dmodel is a trainable matrix. Then, we append the
position information to sequence matrix Ecap(Y) by the positional encoding as Equations (1) and (2),
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obtaining the final sequence representations S ∈ RL×dmodel . The BT decoder contains a feed-forward
network and three kinds of attention modules, i.e., (1) sequence self-attention, (2) VGA, and (3)
sequence-to-image attention. Sequence self-attention has three identical inputs, in which queries, keys,
and values are all sequence representations. This attention mechanism not only allows each positional
vector to reflect itself, but also attends to all the other positional vectors in the sequence, promoting the
contextual information only with the sequence representations. Sequence-to-image attention imitates
the distinctive attention mechanism [21] in which the queries come from the sequence information of
the decoder, while the keys and values are from visual features. This allows every positional word
representation to attend to all the regional features, so that different regional features can be treated
discriminately for the final prediction. As for the VGA module, we elaborate it in Section 3.4.

3.3. Concept-Guided Attention for the Encoder

The proposed concept-guided attention is an integrated module containing two kind of inputs as
shown in Figure 3a, used to develop the mutual effectiveness between visual features and semantic
concepts for image captioning. It is the detail representation of the boosted transformer encoder layer
in Figure 2. To obtain a concept representation associated with image content, we concatenate visual
features Vi and embedding vectors of semantic concepts Ese(Y) in the channel dimension and then
project the results to hidden dimension dmodel with a nonlinear function φo. Residual connection from
the visual features to the output of projection helps to keep the visual peculiarity. After that, the concept
representations C and visual features Vi are contextualized by two independent self-attention modules
and then integrated into boosted visual features.

C = φo([Vi; Ese(Y)]) + Vi (7)

Vi+1 = FFN(CGA(Vi, C)) (8)

where Ese ∈ Rvocab×do is another word embedding for projecting the semantic concepts into the vector,
independent of caption word embedding Ecap. The concept vocabulary is 472 and do = 128 for this
smaller vocabulary, compared with the caption vocabulary of 9488 words. φo is a nonlinear projection
layer and implemented as the fully-connected network with a ReLU activation function and dropout.
Vi is the visual features inputs of the ith layer of the image encoder. V0 represents the initial features
extracted from the image, and Vi+1 is the boosted visual features integrated by Vi and C. The outputs
of the encoder layer Vi+1 are regarded as the next encoder layer’s inputs. FFN is the feed-forward
network as shown in Equation (6).

Figure 3. The overview of the BT encoder. Our proposed image encoder adopts a flexible architecture,
which can decide whether to use the concept representations. (a) is an encoder layer with the visual
features and the concept representations as inputs. (b) only uses the visual features as the inputs.
The outputs of either (a) or (b) serve as the next layer’s visual feature inputs.
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Here, we devise two fusion strategies to integrate the different representations, e.g., gated sum
and channel connect. For the gated sum strategy, we set a learnable parameter as the weight value,
as shown in Equation (9).

CGA(Vi, C) = λ×MultiHead(Vi, Vi, Vi) + (1− λ)×MultiHead(C, C, C) (9)

For the channel connect strategy, we concatenate the visual features and concept representations
in the channel dimension and then reduce it to the model hidden dimension with a linear matrix,
as shown in Equation (10).

CGA(Vi, C) = W
([

MultiHead(Vi, Vi, Vi); MultiHead(C, C, C)
])

(10)

where W ∈ R(dmodel+do)×dmodel , and λ is learnable with the training process. Concept representations C
are obtained by Equation (7).

3.4. Vision-Guided Attention for the Decoder

Given that sequence self-attention can be easily influenced by the language prior, we propose
an intuitive attention module, VGA, which considers the impact of visual information and can help to
generate more image-related descriptions.

We use an example in Figure 4 to show the intuition behind the VGA module. When we obtain
a partial sequence “woman standing on” and generate the next word “beach”, the relevant regions
in the image will be activated as shown in the green box in Figure 4b. Those activated areas not only
cover the beach, but also the partial skirt, with the hand in a way. Therefore, it should be supposed
that the words such as “woman” and “on” are more important to this word generation. The obtained
contextual vector by this mechanism can have more reliable cues to point at the generated word.
However, VGA cannot replace the sequence self-attention because VGA has strengths in generating
visual words, whereas the linguistic words [11], such as “of” and “the” are more dependent on the
latter. Therefore, we stack a VGA module following the sequence self-attention so that each token in
the caption can obtain a more reasonable attention distribution, relying on both word representations’
similarity and the visual relationship.

Figure 4. The comparison between (a) sequence self-attention and (b) vision-guided attention.
Sequence self-attention computes the correlation between different tokens directly using the word
representations. Vision-guided attention computes the correlation between target tokens, and other
tokens are indirectly bridged through visual information. “BOS” represents Begin token Of Sentence.
The same colorful blocks in (b) represent the corresponding visual features.

VGA is substantially a double-attention process, as shown in Figure 5a, which decomposes the
seq-to-self attention map into the seq-to-image attention map and the image-to-seq attention map.
On the one hand, given a set of sequence information Si = {si

1, si
2, ..., si

k} and visual information
V = {v1, v2, ..., vn}, the seq-to-image attention map Ms2i ∈ Rk×n is first built upon the scaled
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dot-product, representing the correlation between S and V, which can be interpreted as the relative
importance about different visual regions when generating word i. On the other hand, we use the
image-to-seq attention map Mi2s ∈ Rn×k to represent the correlation between visual information
and sequence information. Mi2s can be obtained by the same process as Ms2i or transposing Ms2i;
here, we adopt Mi2s = MT

s2i to reduce the computation. Given that only the previously-generated
(before time t) sequence information can be utilized, we overlay the time mask on Mi2s to obtain
a time-dependent attention map M̃i2s ∈ Rk×n×k, as shown in Figure 5b. It has a similar motivation to
vanilla transformer [6], implementing this by masking out (setting to −∞) the corresponding values
in the input of the softmax function, as shown in Figure 5c, representing illegal connections. Finally,
we reshape Ms2i ∈ Rk×n into M̃s2i ∈ Rk×1×n and then apply this sequence-image attention map
M̃s2i to the time-dependent attention map M̃i2s, obtaining the final boosted seq-to-self attention map
Ms2s ∈ Rn×n.

Ms2i =
SiVT
√

dk
(11)

M̃i2s = so f tmax
(

ψ
(

MT
s2i

))
(12)

M̃s2i = so f tmax (reshape(Ms2i)) (13)

Ms2s = M̃s2i M̃i2s (14)

VGA(Si, V, Si) = Ms2sSi (15)

where V is obtained by Equation (8), Si is the sequence self-attention output of the ith decoder layer,
so f tmax is a activated function for normalization, and ψ represents the time mask operation, as shown
in Figure 5c. Reshape is an operation of changing the dimension. VGA(Si, V, Si) is the output of the
VGA module.

Figure 5. (a) The completed computational process of Vision-Guided Attention (VGA). (b) “Time mask”
adjusts the image-to-seq attention map dynamically over time to keep the view of visual features within
the time limitation. (c) The lower triangular masked matrix ensures only the previously-generated
sequence information can be utilized, and this masked matrix is used in sequence self-attention.
The dark parts of the masks mean retaining status, and the others are set to −∞.

4. Experiments

4.1. Datasets

We used the COCO [22] dataset as the evaluation benchmark to measure the performance of
our proposed module, which is the largest benchmark dataset for image captioning. This dataset
contains 82,783, 40,504, and 40,775 images for training, validation, and testing, respectively, with 5
human-produced captions for each image approximately. To make the results comparable with
others fairly, we used the publicly available “Karpathy” splits [23] following previous works. These
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splits contain 5000 validation images and 5000 test images taken from the original validation set.
The remaining validation set and the whole original training set, 113,287 images, were used for
training. We followed the standard preprocessing procedure on all captions: transforming all sentences
to lowercase and truncating to less than 16 words. The words occurring less than five times in the
training captions were filtered and replaced by a special token ‘UNK’. Finally, we built a vocabulary
containing 9487 words. Then, we evaluated the performance of our caption model in several different
evaluation metrics, including BLUE [24], ROUGEL [25], CIDEr [26], METEOR [27], and SPICE [28],
which have different emphases on the evaluation of generated captions quantitatively and are denoted
as B@N (N=1, 2, 3, 4), R, C, M, and S, respectively.

4.2. Experiments Details

In order to avoid the effects whereby different backbones can extract discrepant image features,
we obtained the same visual features as [29], including 10–100 regional features with a dimension
of 2048 for each image. For the aim of speeding up and reducing memory, our image encoder and
caption decoder stacked 4 layers with 8 attention heads. The hidden unit dimension of multi-head
attention was 512, and that of the feed-forward was 2048. We used an independent word embedding to
represent the semantic concepts with an embedding size of 128. In the training stage, we first trained
our model with the cross-entropy loss for 15 epochs. After that, the pre-trained model continued to
adjust its parameters under the proposed Reinforcement Learning (RL) method [30] for another 10
epochs. The RL-based method was optimized for the CIDEr metric, but it has been proven that this
process can improve other metrics incidentally. We used the Adam optimizer [31] with a momentum
parameter of 0.9. The initial learning rate was set to min(1t−4, 3e−4) for 6 epochs and then decayed
by 0.5 after every 3 epochs, where t is the current epoch and starts from 1. The scheduled sampling
probability [32] was initialized as 0.05 and multiplied by 2 to the maximal value 0.25 after every 2
epochs. When testing, beam search with a beam size of 3 was used.

4.3. Ablation Studies

In this section, we conduct extensive ablative experiments for the BT model on the MSCOCO
datasets. We first explore the CGA’s influence with different structures, i.e., input types, layer choices,
and integration strategies. Then, we validate the effectiveness of VGA with different layer choices. The
baseline is an implementation of vanilla transformer [6].

4.3.1. Influence of CGA

Single source input: Given an image, we can obtain the projected visual features V and the aligned
semantic concepts Y as Section 3.3. A naive way to verify the mutual effectiveness between them is
solely using the single representations as the input with the comparison of both. As shown in Table 1,
the baseline only used the visual features V as the input of the model. CGA-c represents that the model
only uses the aligned concept representations (c) computed by Equation (7) as the input. CGA-y means
only regarding the embedding vectors of concepts as the input without associating with visual features.
We can see that individual visual features, aligned concept representations, and concept vectors were
not enough to express the semantic information of the images compared with the integrated model
CGA_1st-GS, which considers the visual features and the concept representations . In order to exclude
the effect of increasing the parameter, we conducted a comparison experiment CGA_1st-GS(vv), whose
inputs in two branches were identical visual features. Comparing CGA_1st-GS(vv) and the baseline,
the result showed that the architecture of the CGA module could also further develop the image
information, similar to multi-head attention.

Layer choice: Concept representations can enhance the semantic expression of visual features
effectively, but this does not mean that the more times concept information is utilized, the better our
model. We explore which encoder layers should use CGA in Table 1(c) and find that equipping all
the encoder layers with CGA, i.e., CGA_4-GS, resulted in the degradation of performance because
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of overfitting. Moreover, equipping the first layer with CGA, i.e., CGA_1st-GS, can achieve the best
performance in the evaluation metrics. CGA_xth means that we only apply the CGA module to the xth

layer of the image encoder, and the other layers are the same as the baseline, as shown in Figure 3b.
Integration strategy: We show the performance comparison between two integration strategies

in Table 1, (c) Gated Sum (GS) and (d) Channel Connect (CC). We can see that the gated sum
strategy achieved better performance with all metrics since the image representations and concept
representations were already aligned.

Table 1. The results of different ways of using the CGA module, evaluated on the COCO Karpathy
test split. B@N, BLUE; M, METEOR; R, ROUGEL; C, CIDEr; S, SPICE; CGA-c, Concept-Guided
Attention with aligned concept representations; CGA-y, Concept-Guided Attention with concept
embedding vectors; CGA_1st-GS(vv), Concept-Guided Attention with two identical visual features;
GS, Gated Sum; CC, Channel Connect.

Model B@1 B@2 B@3 B@4 M R C S

(a) baseline 80.2 64.9 50.5 38.4 28.6 58.2 128.1 22.6

(b)
CGA-c 79.8 64.3 49.8 37.9 28.6 58.1 126.6 22.5
CGA-y 75.4 58.5 43.5 31.9 25.6 53.9 106.3 19.4
CGA_1st-GS(vv) 80.4 65.2 51.0 38.6 28.6 58.5 128.7 22.7

(c)

CGA_1st-GS 81.0 65.9 51.5 39.5 29.3 58.9 130.9 23.1
CGA_2nd-GS 80.9 65.7 51.3 39.3 29.0 58.8 130.5 22.9
CGA_3rd-GS 80.9 65.7 51.3 39.4 29.1 59.0 130.3 23.0
CGA_4th-GS 80.7 65.4 51.2 39.2 29.1 58.9 130.3 22.8
CGA_4-GS 80.1 64.8 50.3 38.3 28.8 58.2 127.4 22.6

(d) CGA_1st-CC 80.6 65.2 50.6 38.5 28.8 58.5 128.5 22.7

4.3.2. Influence of VGA

From Table 2, we can see that with VGA (b), all the metrics obtained improvement to some
extent. VGA_xth had the similar means as that in Table 1. VGA re-attended to all the positional
sequence information with the guidance of visual information, achieving a more reasonable attention
distribution. The overuse of VGA can result in overfitting, so we only applied VGA to the fourth layer,
which can obtain the best performance according to the ablative experiments. Some visualizations are
shown in Section 4.5, which is better to reflect the effectiveness of VGA. In order to validate how much
visual information VGA involves, we got rid of the sequence-to-image attention module, which was
the sole way to involve visual information. From the results in (c) and (d), VGA utilized the image
information in another way and could work well with the sequence information, where (c) s2s-VGA
means the decoder layer was composed of sequence self-attention and VGA. (d) s2s means the decoder
layer only contained sequence self-attention without the guidance of visual features.

Table 2. The results of different ways of using the VGA module, evaluated on the COCO Karpathy
test split. s2s, sequence self-attention.

Model B@1 B@2 B@3 B@4 M R C S

(a) baseline 80.2 64.9 50.5 38.4 28.6 58.2 128.1 22.6

(b)

VGA_1st 80.8 65.5 51.1 39.1 29.0 58.8 130.3 22.9
VGA_2nd 80.8 65.7 51.4 39.4 29.1 58.9 130.7 22.9
VGA_3rd 81.0 65.7 51.3 39.3 29.2 59.1 130.8 23.1
VGA_4th 81.1 65.9 51.4 39.4 29.3 58.9 131.0 23.1
VGA_4 80.8 65.5 51.1 39.2 29.0 58.8 129.8 22.9

(c) s2s-VGA 79.5 63.9 49.6 37.8 28.4 57.9 124.4 21.8
(d) s2s 44.5 24.8 14.1 8.1 13.3 34.8 11.0 4.1
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4.4. Comparing with the State-of-the-Art

In this section, we regard BT as our overall model for convenience, which was based on
transformer and comprised of a CGA module in the first encoder layer and a VGA module in the
fourth decoder layer. We conducted the test evaluations on the offline “Karpathy” split (5000 images)
and the online MSCOCO test server (40,775 images), which have been widely adopted in prior works.
We compared BT with the state-of-the-art methods, e.g., Google NICv2 [9], AdaATT [11], SCST [30],
StackCap [33], Up-Down [29], DA [34], SGAE [7], and so on, as shown in Table 3 for the offline test
and Table 4 for the online test. Among these works, SCST used the reinforcement learning for training;
Up-Down applied the object-level features to the model; DA used a two-layer LSTM to refine the
prediction results; SGAE utilized the object, attribute, and relation to construct a semantic graph,
helping to learn a richer contextual image representation. It is clear that our model performed better
on the evaluation metrics.

Table 3. The performance comparison with the state-of-the-art methods on the COCO Karpathy
test split.

Model B@1 B@4 M R C S

Google NICv2 [9] - 32.1 25.7 - 99.8 -
AdaATT [11] 74.2 33.2 26.6 - 108.5 -
Att2all [30] - 34.2 26.7 55.7 114.0 -

StackCap [33] 78.6 36.1 27.4 56.9 120.4 20.9
Up-Down [29] 79.8 36.3 27.7 56.9 120.1 21.4

GCN-LSTM [16] 80.5 38.2 28.5 58.3 127.6 22.0
DA [34] 79.9 37.5 28.5 58.2 125.6 22.3

SGAE [7] 80.8 38.4 28.4 58.6 127.8 22.1

CGA_1st-GS 81.0 39.5 29.3 58.9 130.9 23.1
VGA_4th 81.1 39.4 29.3 58.9 131.0 23.1

BT 81.2 39.7 29.4 59.1 131.5 23.2

Table 4. Leaderboard of the published state-of-the-art image captioning models on the online COCO
test server, where c5 and c40 denote using 5 and 40 references for testing, respectively.

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

Metric c5 c40 c5 c40 c5 c40 c5 c40 c5 c40 c5 c40 c5 c40

SCST [30] 78.1 93.7 61.9 86.0 47.0 75.9 35.2 64.5 27.0 35.5 56.3 10.7 114.7 116.0
LSTM-A [15] 78.7 93.7 62.7 86.7 47.6 76.5 35.6 65.2 27.0 35.4 56.4 70.5 116.0 118.0
StackCap [33] 77.8 93.2 61.6 86.1 46.8 76.0 34.9 64.6 27.0 35.6 56.2 70.6 114.8 118.3
Up-Down [29] 80.2 95.2 64.1 88.8 49.1 79.4 36.9 68.5 27.6 36.7 57.1 72.4 117.9 120.5

CAVP [35] 80.1 94.9 64.7 88.8 50.0 79.7 37.9 69.0 28.1 37.0 58.2 73.1 121.6 123.8
DA [34] 79.4 94.4 63.5 88.0 48.7 78.4 36.8 67.4 28.2 37.0 57.7 72.2 120.5 122.0

SGAE [7] 80.6 95.0 65.0 88.9 50.1 79.6 37.8 68.7 28.1 37.0 58.2 73.1 122.7 125.5
BT 80.5 94.7 65.2 88.8 50.6 80.1 38.6 69.6 28.8 37.9 58.5 73.5 125.0 126.8

4.5. Qualitative Analysis

In order to further demonstrate the effectiveness of BT, we show some visualizations of the
attention map, comparing the attention map changes with VGA, as shown in Figure 6. The result
revealed that VGA can effectively attend to some new focuses digressing from the language prior.
For example, in Fig ATT_s2s, the attention map was obtained by sequence self-attention, where the
color of the position corresponding to “standing” and “two” or “on” and “two” are relatively dark,
indicating higher focus. This is because the situation that those words co-appeared in happened
frequently in the training set. After the processing of VGA, the attention distribution was changed
and became more reasonable, as shown in ATT_VGA, where “standing” had a higher focus on
“people”. ATT_s2i is the attention map between caption tokens and the visual areas. In addition,
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we present some examples of images and captions in Figure 7. We can see that the generated
descriptions of BT contained more image-associated tokens compared with the baseline.

Figure 6. Visualizations of the attention maps, including the seq-to-self attention map, i.e., ATT_s2s,
the boosted seq-to-self attention map, i.e., ATT_VGA, and the seq-to-image attention map, i.e., ATT_s2i.
For a better visualization effect, we only highlight some more caption-related objects (10-100 objects in
total, dependent on the specific image).

Figure 7. Examples generated by the BT model on the Microsoft COCOvalidation set. GT is the
ground-truth chosen from one of five references. Base and BT represent the descriptions generated
from the vanilla transformer and our model, respectively. The red words reflect that our model can
generate more image-associated descriptions.
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5. Conclusions

In this paper, we presented a novel model that makes full use of semantic and visual information
for more accurate and image-associated captioning generation. We devised a semantic boost module
in the encoder, i.e., CGA, and a visual boost module in the decoder, i.e., VGA. The former utilized
the instance-level semantic concepts to boost the visual features, and the latter achieved the double
attention under the influence of the visual information. With these innovations, we obtained a better
performance than the state-of-the-art approaches on the MSCOCO benchmark.
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