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Abstract—Self-attention based encoder-decoder models achieve
dominant performance in image captioning. However, most
existing image captioning models (ICMs) only focus on modeling
the relation between spatial tokens, while channel-wise atten-
tion is neglected for getting visual representation. Considering
that different channels of visual representation usually denote
different visual objects, it may lead to poor performance in
terms of object and attribute words in the captioning sentences
generated by the ICMs. In this paper, we propose a novel
dual-stream self-attention module (DSM) to alleviate the above
issue. Specifically, we propose a parallel self-attention based
module that simultaneously encodes visual information from the
spatial and channel dimensions. Besides, to obtain channel-wise
visual features effectively and efficiently, we introduce a group
self-attention block with linear computational complexity. To
validate the effectiveness of our model, we conduct extensive
experiments on the standard IC benchmarks including MSCOCO
and Flickr30k. Without bells and whistles, the proposed model
performs new SOTAs containing 135.4 CIDEr score on MSCOCO
and 70.8 CIDEr score on Flickr30k.

Index Terms—Image Captioning, Self-Attention, Spatial Atten-
tion, Channel Attention

I. INTRODUCTION

Image captioning (IC) is a fundamental cross-media task
that automatically generates a natural language description for
an image [39], [40]. The encoder-decoder framework, first
proposed for neural machine translation task [35]], dominates
the IC task. In the early stage, researchers propose image
captioning models (ICMs) containing CNN-based encoders to
extract visual representation [20], [36], [39]and RNN-based
decoders [20]], [39]to generate the caption sentences. Next,
the attention mechanism is widely introduced in ICMs. As a
pioneer, Kelvin et al. [43] propose an attention based LSTM to
generate image caption by using CNN-based visual features.
In [[1]], Anderson et al. present the seminal work “Bottom-Up
and Top-Down” to implement the bottom-up and top-down
attention as a pretrained object detection model and a two-
layer LSTM, respectively.

Recently, the self-attention mechanism [37] is proposed
to improve natural language processing (NLP) models and
further dominates multiple research areas including computer
vision [8]], [23]] and cross-media [4]], [14], [34], [41]. Naturally,
self-attention based ICMs become a potential topic, and many
studies have been published in [4], [12], [15], [19], [48].
Firstly, Herdade et al. [12] integrate the region and geometric
features by using a standard Transformer. Then, researchers
focus on modifying self-attention architecture for image cap-
tioning. In [15]], a high-order self-attention module is proposed
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Fig. 1. Comparison of self-attention based modules used in Transformer-based
ICMs, where w, h, c, cp, and ¢4 indicate width, height, channels per head
and channels per group. (a) spatial-wise multi-head self-attention modules
used in [4], [12], [15], [48]. (b) channel-wise self-attention module in [25].
(c) Our channel-wise group self-attention module.

to integrate into an LSTM model. Besides, Cornia et al. [4]]
propose a Transformer based model containing a meshed
connection between its encoder and decoder. Compared to
other attention based ICMs, the self-attention ICMs obtain
better performance on the standard captioning dataset includ-
ing MSCOCO [3]] and Flickr30k [47]]. However, most existing
self-attention ICMs only build relation among spatial tokens
by using the vanilla multi-head self-attention (MSA) module,
as shown in Fig. [T}(a). Different from spatial attention, which
determines where to pay attention, channel attention [13]],
[29], [42], which adaptively reweights features in the channel
dimension and can be seen as an object selection process [11]],
decides what to pay attention. SENet [[13]] is a pioneer channel
attention based model with a squeeze-and-excitation (SE)
block, which is proposed to build relation among channel
tokens. The SE block improves the performance of SENet
on several CV tasks and becomes a popular channel attention
block widely applied in CNN models [32f, [42]. To address
the local informative loss caused by the squeeze operation,
which is implemented as the global average pooling, in the
SE block, Song et al. [29]] propose a discrete cosine transform
(DCT) channel attention block to build relation among channel
tokens with multiple frequency components. Inspired by the
success of the self-attention on spatial tokens, directly applying
the SA on channel tokens is an intuitive idea and Fu et
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Fig. 2. The proposed framework.

al. |9] propose a channel-wise self-attention block (CSB) that
is demonstrated in Fig. [T[}(b) and achieves an improvement
on the semantic segmentation. Besides, some works [6]], [32]]
demonstrate that combining spatial and channel attention is a
potential way to get an effective visual representation. To the
best of our knowledge, SDATR [25] is the only ICM that
uses both spatial and channel attention simultaneously and
reveals that applying the CSB achieves slight improvement for
image captioning and is experimentally expensive. Since the
CSB is a single-head self-attention block, it has quadratically
computation complexity for token numbers and the number
of channel tokens usually exceeds one thousand. Building
relation among one thousand channel tokens with about tens
dimension features of each channel token suffers from the
information loss caused by the low-rank attention map of the
channel tokens.

In this paper, we build a novel ICM including a self-
attention based encoding module named dual-stream self-
attention module (DSM). The DSM generates discriminative
visual features by parallel building relations among spatial and
channel tokens. Besides, to obtain a channel-wise visual fea-
ture effectively and efficiently, we introduce a group channel-
wise self-attention block (GCSB) with linear computation
complexity. As illustrated in Fig. [T}(c), we divide the visual
features into multiple groups uniformly along the channel
dimension and then apply SA to the visual features of each
group.

To validate the effectiveness of our model, we conduct ex-
tensive experiments on the MSCOCO and Flickr30k datasets.
Without bells and whistles, the proposed model performs new
SOTAs on both MSCOCO and Flickr30k datasets. In summary,
we would like to make the following technical contributions:
1.) Proposing a novel ICM that first uses a pure self-attention
based module to get visual representation encoding spatial-
and channel-wise information simultaneously; 2.) Obtaining
effective channel-wise features requires only linear computa-
tion complexity; 3.) Achieving new SOTAs on mainstream
image captioning datasets.

II. METHODOLOGY

In this section, we first revisit the self-attention mechanism
in Transformers. Then, we introduce the proposed dual-stream
self-attention model, which encodes both channel and spatial
representation in parallel. Finally, we present the training
method used in this paper.

A. Preliminaries

In this Npager the visual or language feature is denoted as
F e R , where N and C indicate the token number
and feature dimension of tokens, respectively. The standard
multiple head self-attention MSA is defined as:

MSA(F) = Concat({SA;(Qi, Ki, Vi)} N )W, (1)
Qi(K)T
VCn

where Q;, = X,W®, K, = X,;WK, and V; = X;W”
are RV*Cn dlmenswnal visual or language features for i- th
head SA;, X, denotes the i-th head of the input feature and
WS WE WY denote the linear projection layer of the i-th
head for Q, K V, repectively. C = Cp, * N, and {X; =
FluCullj = 1,2, .., N, }. The computational complexity of
MSA is approx1mated as O(N20).

B. Dual stream self-attention model

Ai(Qia Ki7 ‘/l) = Softmax |: :| ‘/Z (2)

As shown in Fig. 2] our model is an encoder-decoder based
ICM. First, an image is fed into a pretrained CNN [17] to
extract the visual grid feature denoted as a w x h X ¢ dimension
tensor. Then we put the grid feature with an absolute position
encoding into an encoder including m encoding layers. Each
encoding layer contains a dual self-attention module (DSM)
and a standard feed-forward layer. In addition, the DSM
includes two parallel blocks named spatial-wise self-attention
block (SSB) and the GCSB. Finally, the decoder of our model
fuses the output of the encoder and language embedding to
generate a caption of the input image word-by-word.



Spatial-wise Self-attention Block: Previous self-attention
based ICMs usually determine tokens with grid or region fea-
tures F' and encode the information along spatial dimensions.
SSB also computes self-attention within spatial-wise tokens,
as shown in Fig. 2] and can be represented as follow:

SSB(F) = LN(F + D(MSA(F)) 3)

where LN(-), D(-) represent Layer Normalization and Dropout
function, respectively. The computational complexity of SSB
is approximated as O((h x w)2C) and is affordable due to the
number of spatial tokens for the visual grid feature being fixed
and small. The h and w are set as 7 in this paper. Considering
the relative position of visual objects is crucial for IC, we
introduce a learning based relative position representation [31]]
into SSB.

Group Channel-wise Self-attention Block: Instead of only
applying the self-attention mechanisms on spatial dimensions,
we introduce it to the channel dimension of the grid fea-
tures, i.e., each channel of all grids is set to a token for channel
self-attention encoding.

To reduce the computational complexity and improve the
capacity of self-attention based channel attention block, we
introduce the GCSB in our model. The GCSB divides channel
tokens into multiple groups along the channel dimension and
defines each group as a head in the multi-head self-attention
model. The number of groups and the number of channels
in each group are denoted as N, and C,;. The GCSB can be
defined as follow:

GCSB(F) = LN(F + D(MSAC(F)) 4)

where LN(-),D(-) and MSAC(-) represent Layer Normliza-
tion, Droupout function and a channel-wise multi-head self-
attnetion model, respectively. The channel-wise multi-head
self-attnetion model can be formulated as follow:

MSAC(F) = Concat({SAY " (Q;, K;, Vi) } 4 )W, (5)

TE.
SAY"(Q;, K;, V;) = Softmax [M] VT (6

J/Cy

where Q;, K;,V; € RV*C% are queries, keys, and values of
group channel self-attention. Compared with CSB, the com-
putational complexity of GCSB reduce from O((h x w)C?)

to O((h x w)(%)) In general, each SAY""? get a local

visual representation with partial channel tokens, and the linear
project layer W, fuses all N4 local visual representation into
a global channel-wise feature of images.

Fusion Block: In this paper, we fuse the spatial-wise feature
generated from the SSB and the channel-wise feature gener-
ated from the GCSB by using residual and addition operation.
The output of DSM can be get as follow:

DSM(F) = LN(F + D(SSB(F) + D(GCSB(F))  (7)

C. Optimization

In this paper, We use a standard two-stage optimization
paradigm including cross-entropy (XE) and self-critical se-
quence training (SCST) [30] optimization stages. Firstly and in
the XE stage, our model is optimized by using a cross-entropy
objection function that can be formulated as follow:

T
Lxp(0) == _log(ps(y;[v}..—1)) ®)

t=1

where yi.,» is the groundtruth sentence, and 6 denotes the
parameters of our model. Then, we adopt SCST to optimize
our model according to the CIDEr metric [38]]:

Lr(0) = = Eyyrmp, [1(y2:7)] €))

where r(-) denotes the CIDEr score of generated captioning
sentences. The gradient of L can be approximated as follows:

VoLr(0) = — (r(yi.r) — r(1:17)) Ve logpe(yi.r)  (10)

where y§. ;- represents a sampled caption and 7(§.) defines
the CIDEr score of sentences obtained by using greedy decode.

III. EXPERIMENTS
A. Experiments Setup

Datasets: In this paper, all experiments are conducted
on a challenging dataset MSCOCO captioning [3[] and
Flickr30k [47]]. MSCOCO captioning dataset contains 123287
images with five groundtruth sentences. All competing models
are evaluated using offline splits, also named Karparthy splits,
containing 113287 training images, 5000 validation images
and 5000 testing images. Flickr30k dataset contains 31,783
images with five groundtruth sentences and includes about
29000 training images, 1000 validation images and 1000
testing images.

Evaluation Metric: Similar to previous works [27] [4], we
use standard coco caption metrics including BLEU [28],
METEOR [5], ROUGE-L [22] and CIDEr [38] to evaluate
the competing ICMs.

Implementation Details: In this paper, we set the dimension-
ality C' of each layer to 512 and the numbers of heads N},
and groups N, to 8, respectively. So the channels per head
C, and channels per group C, are 64 for our model. We use
Dropout [33]] with a probability of 0.1 in each attention and
feed-forward layer. For a fair comparison, we adopt a learning
rate setting from [25]. Specifically, the learning rate is set as
le-4, 2e-5, 4e-6, S5e-6, Se-7, 2.5e-7 and Se-8 at epoch 1, 4, 10,
20, 25, 40, 50 and 55, respectively. The XE and SCST training
stages require 25 and 35 epochs, respectively. We adopt the
Adam optimizer [21]] with a batch size of 50 and a beam size
of 5 in all experiments.

B. Ablation Studies

TABLE I
COMPARISON OF ABLATION STUDY ON KARPATHY TEST SPLIT, WHERE
B@N, M, R, C, AND S ARE SHORT FOR BLEU@N, METEOR,
ROUGE-L, CIDER, AND SPICE SCORE.

B@I B@4 M R C
GCSB 81.0 389 29.1 589 1325
SSB 81.0 39.1 29.3 58.9 132.6
GCSB—SSB 81.2 39.1 29.3 58.9 133.7
SSB—GCSB 81.3 39.5 29.4 59.0 133.8

The comparison results using different module architectures
in Tab. [I] illustrate the boost brought by the proposed GCSB
and the parallel architecture in our model. It should be noted
that“GCSB—SSB” means that GCSB and SSB are linked by
using the series connection, while “SSB+GCSB” means they
are used in parallel. As shown in Tab. [I, the performance of
the GCSB is slightly lower than the SSB ones. It confirms
that spatial-wise feature is nonsubstitutable for IC. Two series
modules achieve similar performance and both outperform
single block based modules. It verifies that combining spatial-
wise and channel-wise attention is an effective method to



improve ICMs. Besides, the SSB+GCSB obtains the best
performance in comparison indicating the parallel architecture
better than series connection for combining spatial-wise and
channel-wise features.

To further fairly demonstrate the effectiveness of the pro-
posed channel-wise attention block GCSB, we compare our
GCSB with off-the-shelf channel-wise attention blocks in-
cluding SENet [13], CBAM [42], DCT [29], CSB and
CAB [25]. As shown in Table [l our GCSB outperforms
other channel-wise attention blocks on all metrics. Therefore,
it confirms the effectiveness of the proposed GCSB.

TABLE 11
COMPARISON OF DIFFERENT CHANNEL ATTENTION BLOCKS ON
KARPATHY TEST SPLIT.

B@ B@4 M R C
81.0 393 29.1 39.0 1333
81.3 39.5 29.5 59.1 133.8
81.1 39.5 29.4 58.9 134.1
81.1 39.1 29.2 58.7 133.0
81.3 39.7 29.5 59.1 134.5
81.5 40.0 29.6 59.2 1354
C. Comparison with the State-of-the-arts
TABLE III
COMPARISONS OF THE STATE-OF-THE-ART METHODS ON THE KARPATHY
TEST SPLIT.
B@] B@7 M R C
- 342 26.7 55.7 114.0
79.8 36.3 27.7 56.9 120.1
79.1 36.5 27.7 57.3 121.9
80.5 38.2 28.5 58.3 127.6
80.8 38.4 28.4 58.6 127.8
80.2 38.9 29.2 58.8 129.8
80.5 38.6 28.7 58.4 128.3
Transformer || 80.7 38.6 29.1 58.5 130.1
M?2Transformer Iﬂl 80.8 39.1 29.2 58.6 131.2
X-Transformer [27] 80.9 39.7 29.5 59.1 132.8
81.1 39.3 29.4 58.8 1333
81.3 39.7 29.5 59.1 134.5

Tab. [ shows the comparison of our method against
existing SOTA ICMs including SCST [30], Up-Down [1],
RFNet [18]], GCN-LSTM [44], AoANet [15],
ORT [12], Transformer M>Transformer [4], X-
Transformer [27)], RSTNet and SDATR on the
MSCOCO Karpathy test split. As shown in Tab. our model
outperforms the competing SOTA ICMs by a significant gap.
Noticeably, compared with the SDATR, which also is dual-
stream ICM and performs the highest scores on IC, our model
obtained an absolute gain of 0.8% in terms of CIDEr and 0.3%
in terms of Bleu@4 on the MSCOCO Karpathy test split.

To further validate the effectiveness of our method, we
conduct the comparison experiment on the Flickr30k dataset.
Tab. summarizes the image captioning performance on
the Flickr30k dataset. Compared with the existing SOTAs on
Flickr30k, our model boosts the performance on all metrics.
Specifically, our model provides a relative gain of more than
5.98% in terms of CIDEr and 6.12% in terms of Bleu@4
on the test set of Flickr30k. We believe that the consistent
improvement shown on multiple image captioning datasets
proves the effectiveness of our model.

D. Visualization

We visualize some caption sentences generated by SDATR
and our model in Fig. [3] Compared to SDATR, our model

TABLE IV
COMPARISONS OF THE STATE-OF-THE-ART METHODS ON THE FLICKR30K
TEST SPLIT.
B@I B@4 M R C
Deep VS [20] 57.3 15.7 15.3 - 247
Google NIC [39] 66.4 18.3 - - -
m-RNN [26] 60.0 19.0 - - -
Soft-Attention 43| 66.7 19.1 18.5 - -
Hard-Attention |@| 66.9 19.9 18.5 - -
emb-gL.STM [16] 64.6 20.6 17.9 - -
ATT 64.7 23.0 18.9 - -
Log Bilinear [[7 60.0 17.1 16.9 - -
Adaptive | 67.6 25.1 20.4 - 53.1
SEM [2] 73.1 29.0 22.0 - 66.8
DA [10] 73.8 29.4 23.0 - 66.6
SDATR 71.2 27.4 21.9 48.8 64.0
Ours 74.2 31.2 233 51.2 70.8

/“] SDATR:three dogs and a cat laying on a couch
d Ours:two dogs and a cat laying on a couch
GT_I:two dogs and a cat take a nap on a couch
GT_2:two dogs sleep on the couch near the grey cat
~| GT_3:dogs and cat sleeping on big comfortable couch

SDATR:a motorcycle parked on the side of a street

| Ours:a blue motorcycle parked in front of a truck
GT_1:a blue motorcycle is parked on the street next to
a truck

.| GT_2:a blue motorcycle parked in front of a white

| truck

“| GT 3:a blue motorcycle that is parked on the street

SDATR:a small bird perched on a branch of a window
Ours:a small bird sitting on a bird feeder

GT_1:a small bird is perched on an empty bird feeder
GT_2:a picture of a bird on a rustic looking feeder
GT_3:a small bird perched on the edge of a bird
feeder

Fig. 3. Visualization of 3 corresponding ground truth sentences and captions
generated by SDATR and our model. The most significant difference between
the two competing captions is highlighted in colors.

generates captions containing more accurate objects, which is
demonstrated in the bottom row image of Fig. [3] and more
detailed attributes of visual objects. For example, as shown
in the second-row images of Fig. 3] the phrase “blue motor-
cycle” provide more accurate details of objects in generated
captions. Quantifiers have a significant impact on the quality
of caption sentences. Our model achieves better performance
on quantifier generation, as shown in the first-row image of

Fig. 3]
IV. CONCLUSION

In this paper, we propose a novel pure self-attention model
for image captioning. Specifically, we design the DSM for
simultaneously utilizing the spatial- and channel-wise vi-
sual representation and a linear computation complexity self-
attention model named GCSB for getting the channel-wise
feature efficiently. By encoding the visual presentation along
with both spatial and channel dimensions, the DSM provides a
better visual representation to generate more detailed captions
for images. While the GCSB gets channel-wise features effi-
ciently due to its linear computation complexity. Experiments
on a challenging dataset demonstrate the effectiveness of our
model for image captioning. In the future, we will investigate
the interaction between spatial and channel attention to obtain
a more robust visual representation for IC.
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