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Abstract— We have proposed the use of image caption in
human-robot interaction. The goal of image captioning is to
generate a complete description according to the contents of a
picture. Due to the problem of unequal length between the input
and output sequences, the encoder-decoder model is commonly
adopted in image captioning to solve this problem, but the
encoded vector cannot save complete information of input vector.
This drawback can be eliminated by using attention mechanism
which makes the machine focus on appropriate areas to raise the
probability of generating correct words. Therefore, the
determination of attention weights for each area plays an
important role in image captioning, which greatly influences the
accuracy of caption generating. This work increases the
accuracy of attention weights by combining self-attention and
Bahdanau attention into multi-attention mechanism. The
accuracy of attention weights can be improved by calculating
attention weights of multiple attention mechanisms. Besides, it is
verified that self-attention can learn the grammar of a sentence
and compare the similarity among the elements of input
sequence. Instead of feeding weighted image features into
decoder solely, the relationship of words calculated by
self-attention is concatenated with it simultaneously in this work.
The proposed approach improves the accuracy of image
captioning with less computation. Experiment results based on
the MSCOCO dataset demonstrate that the proposed approach
outperforms other methods with some metrics.
keyword：Natural Language Processing, image captioning,
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I. INTRODUCTION
With the increasing support of computing platforms for
deep learning, natural language processing (NLP) has made a
rapid advancement in recent years. Combining the new
techniques in NLP and image processing, image caption has
also gained better results. The main concept of image
captioning is to describe the content of a digital image with a
phrase or sentence in natural languages. We have applied the
concept of image captioning to human-robot interaction for let
a robot process an image and use the sentence provided
through image captioning to interact with the user [1], and this
paper reports the use of a hybrid attention method as the
progress in such research.
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Typically, an encoder-decoder model is used in image
captioning. An attention mechanism provides the capture of
the main content to produce the associated information in a
natural language. The concept of an attention mechanism is to
focus on something important in the image based on the
context. The context plays an important role as in NLP that
related information is considered with priority.
We report the progress of our research in applying image
captioning to human-robot interaction in this paper. We have
studied different attention mechanisms for image captioning,
and have reached a result of combining different attention
methods to achieve a multi-attention mechanism. The rest of
the paper is organized as follows. The next section presents
the fundamental and advanced approaches related to attention
mechanism to show the rationale of having multi-attention in
our proposed method. Section III presents the design and
implementation of our proposed method, and Section IV
reports the results of experiments using our method along with
comments to the results. The last section gives a brief
summary of the achievement and the conclusion.
II. FUNDAMENTAL AND ADVANCED APPROACHES
The main purpose of image captioning is to provide a
precise description to the image on hand. This section
introduces to the fundamental concept of using attention
mechanism to image captioning with an encoder-decoder
architecture.
A. Attention Mechanism
Sequence to sequence learning plays an important role in
machine translation in which a sequence of words is processed
to another sequence of words [2], and an encoder-decoder
model is typically applied in the process, in which the encoder
processes the input into a vector while the decoder produces
the vector into the target sequence. For image captioning, a
Convolutional Neural Network (CNN) can be utilized as an
encoder and a Recurrent Neural Network (RNN) as a decoder.
This encoder-decoder model is considered as Neural Image
Caption (NIC) [3].
In order to improve the quality of the description, an
attention mechanism has been introduced in an NIC
architecture to focus on the main areas in an image instead of
processing all image details. Whenever a subarea of an image
is processed, different words may be associated with such
subareas, but by having an attention mechanism in an
encoder-decoder model, the weight of each subarea is

evaluated and that information is applied to the decoder to
produce a sequence of words consisting more suitable words.

word2vec produced by Google in which the weight of phrases
can be trained with weights.

B. Various Attention Mechanisms

The LSTM (Long short-term memory) model is used in
the decoder for producing the output text. The idea is to utilize
the context vector which is calculated with the attention model
and image vectors to associate with the word vectors produced
in the word embedding module. We set the maximum length
of a sentence as 49, and each word has its associated LSTM.

The concept of soft attention and hard attention (or
deterministic attention and stochastic attention) has been
introduced in the encoder-decoder model [4]. The soft
attention mechanism utilizes standard back-propagation
methods, and the hard attention mechanism focuses on each
subarea separately.
Adaptive attention was proposed to process the use of the
word “the” for a phrase with “of” or producing the word
“phone” after “cell” [5]. The self-attention mechanism was
introduced in machine translation to handle the relationship
among words [6]. The attention on attention (AoA) technique
then is applied to the result of self-attention [7].
The concept of generative Adversarial Nets (GAN)
consisting of a generator and a discriminator is then applied to
image captioning [8]. The generator produces a sentence, and
the discriminator to evaluate if the sentence is good enough.
III. DESIGN AND IMPLEMENTATION
Our proposed system introduces a hybrid method of
integrating self-attention with Bahdanau attention [9]. The
methods solves the problems of duplicated words or phrases
for generating a better result. Figure 1 shows the proposed
architecture with three major modules, the encoder, the
decoder, and the word embedding. The details of the attention
mechanism will be presented after the description of these
three modules.
A. Main Modules

B. Attention Mechanism
As described previously, we integrate self-attention with
Bahdanau attention for improving focusing on main theme
and filter unnecessary information based on the context vector.
We have studied various mechanisms in order to come to this
hybrid approach.
The main attractiveness of Bahdanau attention is the
simplicity of its computation. The self-attention relies on the
similarity measures using matrix factorization. We divide the
input image into 64 subareas in order to calculate the feature
vectors. The annotation vector is defined as (1), in which L is
the number of subareas and the dimension of each feature
vector is D. Before feeding input to the decoder, the context
vectors for each time point is calculated based on the weight of
the relationship between the feature vector of the output of the
hidden layer at the previous time slot. The formulas (2) to (5)
shows such relationship with the weight for the time slot, t, for
the subarea, i.
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For the encoder, we preprocess the image into 64 segments
with associated feature vectors to be used in the attention
mechanism. InceptionV3 is used in the process for feature
vectors for reducing the number of parameters.
In order to process a sentence, the word embedding
module transforms a text into numerical vectors. We use

Figure 1. System Architecture
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Unlike Bahdanau attention, the input to the self-attention
model is divided into K (key), Q (query) and V (value). The
input to each of K, Q, and V is same, but they have different
models indicated in (6), (7), and (8), respectively. The vectors,
WK, WQ, and WV are the weights of the neural networks. By
deriving K, Q, and V, we can have the result of self-attention
as (9).
K = WkX
Q = W QX
V= WvX
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IV. EXPERIMENTS AND EVALUATION
In the experiments, we have used different evaluation
methods, such as BLEU [10], ROUGE [11], METEOR [12],
CIDEr [13], and SPICE [14] to check the results of the
produced description. The utilities provided by MSCOCO is
used in the experiments.
This section shows the results from four experiments.
Experiment 1 utilizes the result of multiplying the context
vectors produced by the Bahdanau attention model and the
self-attention model. In Experiment 2, feature vectors and
phrases are processed with the self-attention model, and the
results are fed in to the Bahdanau attention model for
calculating the similarity. Experiment 3 applies self-attention
to word embedding in serial manner, and the results are fed to
the Bahdanau attention model. Experiment 4 is to multiple
attention models.
Figure 2 shows the processing model of Experiment 1. The
idea is to leverage both the self-attention model and the
Bahdanau attention model to consider the similarity within
image and the similarity between phrases. The purpose is to
increase the weight of similar areas to avoid the faults caused
by the size of objects over different subareas. The
computation can be carried independently in both attention
models, but some adjustment was made in order to solve the
problem with dimension size.
In Experiment 2, the self-attention mechanism was applied
to image information word embedding separately, and the
results are fed to the Bahdanau attention model to calculate the
relationship between the words and image information. For
computing the self-attention model, K, Q, and V are
implemented in networks with the size of 256, whereas the
hidden layer started with the size 512. The process model of
this experiment is shown as the left most branch of combining
the image feature and ht-1. in Figure 3. In Experiment 3, the
focus is on the production of phrase in which the self-attention
mechanism is applied. The result is concatenated with the
Bahdanau attention model. This process model can be
considered as adding one more flow of processing ht-1 , which
is depicted in Figure 3 as having the center branch with the left
branch. Experiment 4 is the enhanced version of Experiment 3
by adding more processing of ht-1 to Experiment 3. Thus, the
entire Figure 3 depicts the concept of Experiment 4.

Table 1 shows the results from the methods that we have
refeered: Adaptive Attention, AoA, CGAN, and Soft
Attention, respectively. The results of the experiments are
organized at the second part with the result of Single
Attention as the baseline. The bold face figures show the best
result among the methods compared. As previously mentioned,
AoA performs the best, but Experiment 4 out performs AoA
when Bleu-4 is used as the evaluator.
Table 1. Results of Experiments Compared
CIDEr Bleu-4 ROUGE METEOR
Adaptive
1.085 0.332
0.266
Attention [5]
AOA [7]
1.1198 0.372 0.575
0.284
CGAN [8]
0.795 0.207 0.475
Soft attention
0.243
0.239
Single
0.8
0.167 0.495
0.202
Attention
Experiment 1
0.78
0.247 0.474
0.191
Experiment 2 0.808 0.243 0.529
0.204
Experiment 3 1.017 0.341 0.541
0.246
Experiment 4 1.036 0.395 0.53
0.242

SPICE

0.213
0.182
0.135
0.171
0.16
0.17
0.177

V. CONCLUSION
We have proposed a hybrid attention method of
combining self-attention and Bahdanau attention models to
realize multiple attention models to improve the performance
of image captioning. Different experiments are carried to
show that the rationale of using multiple attention models. By
using our hybrid method, the computation cost is lowered
while a reasonable result was obtained.
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Figure 2. The Processing Model for Experiment 1.
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Figure 3. The Process Model for Experiments 2, 3, and 4

