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Word-Region Alignment-Guided Multimodal
Neural Machine Translation

Yuting Zhao , Mamoru Komachi, Tomoyuki Kajiwara, and Chenhui Chu

Abstract—We propose word-region alignment-guided multi-
modal neural machine translation (MNMT), a novel model for
MNMT that links the semantic correlation between textual and
visual modalities using word-region alignment (WRA). Existing
studies on MNMT have mainly focused on the effect of integrat-
ing visual and textual modalities. However, they do not leverage
the semantic relevance between the two modalities. We advance
the semantic correlation between textual and visual modalities
in MNMT by incorporating WRA as a bridge. This proposal
has been implemented on two mainstream architectures of neural
machine translation (NMT): the recurrent neural network (RNN)
and the transformer. Experiments on two public benchmarks,
English–German and English–French translation tasks using the
Multi30k dataset and English–Japanese translation tasks using
the Flickr30kEnt-JP dataset prove that our model has a signifi-
cant improvement with respect to the competitive baselines across
different evaluation metrics and outperforms most of the existing
MNMT models. For example, 1.0 BLEU scores are improved for
the English–German task and 1.1 BLEU scores are improved for
the English–French task on the Multi30k test2016 set; and 0.7
BLEU scores are improved for the English–Japanese task on the
Flickr30kEnt-JP test set. Further analysis demonstrates that our
model can achieve better translation performance by integrating
WRA, leading to better visual information use.

Index Terms—Multi30k, multimodal machine translation,
semantic correlation, vision and language, word-region alignment.

I. INTRODUCTION

MULTIMODAL neural machine translation (MNMT) ex-
tends the conventional text-to-text neural machine trans-

lation (NMT) [1], [2] by exploiting an auxiliary source modality,
specifically images, to translate source sentences paired with
images into a target language. The main motivation behind this
is that the translation is expected to be more accurate than tex-
tual translation because there are numerous situations in which
textual context alone is insufficient for correct translation such
as for ambiguous words and grammatical gender. Therefore,
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many studies have focused on incorporating images to improve
translations [3]–[5].

The study of the potential for improving translation qual-
ity using images was pioneered by [6]. Subsequent studies
have contextualized textual representations using global vi-
sual features extracted from an entire image to initialize tex-
tual encoder/decoder recurrent neural network (RNN) hidden
states [7]–[10]. However, the effect of the image cannot be fully
exerted because the single global visual features of an entire
image are complex.

To effectively utilize an image, some researchers incorpo-
rate spatially grid-based local visual features extracted from a
convolutional neural network (CNN) into MNMT [11]–[15]. As
these equally sized grid-based local visual features do not convey
specific semantics, the role of visual features is dispensable in
translation. As reported in [16], MNMT models disregard visual
features because the quality of the image features or the manner
in which they are integrated into the model is not satisfactory.

Consequently, current studies have incorporated richer local
visual features such as object-level regional features [17], [18].
These studies mainly relied on object detection to automati-
cally extract objects in an image. Although regional features
containing semantic information can assist in generating trans-
lations [19], the lack of guidance to focus on image regions that
are semantically relevant to the source words during translation
can lead to incorrect translations. Therefore, the latest study [20]
relates multimodal inputs in a graphical manner. Their method
is aimed at refining multimodal representation learning using a
graph-based multimodal fusion encoder. Thus far, fully exploit-
ing the semantic relevance between multimodal inputs remains
challenging.

An overview of our proposal is shown in Fig. 1. This study
proposes a novel facility called word-region alignment (WRA)
that explicitly correlates source words with image regions as
an additional input in the proposed MNMT model. Unlike
existing MNMT models, we design the WRA as an intermediate
component to bridge multimodal inputs. Specifically, as visual
concepts can summarize the semantics of image regions, we
utilize these visual concepts as a medium to pre-process the
semantic relevance between source words and image regions.
In terms of architecture, we propose a novel integration strategy
word-to-region (W2R) that leverages the WRA, facilitating the
interaction between semantically relevant textual and visual
features. Under the integration strategy W2R, the pre-processed
WRA is leveraged as a bridge to link textual and visual inputs,
acting as an auxiliary cue to guide textual features to interact
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Fig. 1. Example of WRA-guided MNMT. The WRA builds semantic relevance
between the vision and language. Specifically, each region-level visual feature is
annotated using a visual concept that is used to create a relationship with every
source word. When generating the “rouge,” similar attention weights (“att” in
the figure) are assigned to both the corresponding source word “red” and image
region “red shirt.”

with semantically relevant regional visual features. Additionally,
two modality-dependent attention mechanisms are utilized to
generate textual and visual contexts for decoding target words.
By advancing the correlation between textual and visual modal-
ities by integrating WRA, the textual and visual context can
provide semantically relevant information to generate accurate
translations.This study has the potential to be extended to subtitle
translation in news, movies, TV shows, etc., where the alignment
between text and visual information is crucial.

Overall, the main contributions of this study are four-fold:
� We proposed WRA, an intermediate component as an addi-

tional input to bridge multimodal inputs based on semantic
relevance.

� We proposed a novel integration strategy W2R of the
MNMT model that leverages the WRA to guide the model
to translate certain source words into target words while
attending to semantically relevant image regions.

� We implemented our proposal on both RNN-based
and transformer-based architectures, and evaluated it on
English–German and English–French tasks using the
Multi30k dataset [21] and on the English–Japanese trans-
lation tasks using the Flickr30kEnt-JP dataset [22]. Ex-
tensive experiments validated the consistent efficacy of
the proposed method and revealed that it significantly
improved baselines based on different evaluation metrics
and outperformed most of the existing methods.

� We conducted detailed analyses to prove the effectiveness
of the proposed method and demonstrate that our method
can lead to better visual information use.

II. RELATED WORK

Early MNMT models integrated visual information using a
single global visual feature extracted by a CNN. They used the
global visual feature to contextualize textual representations in
the following ways: 1) appending them at the head/tail to the
original textual sequence [23]; 2) initializing the textual encoder

and/or decoder RNN hidden states with them [9]; 3) interacting
with them elementwise using textual annotations or target word
embeddings [10]; and 4) influencing the textual encoder by
learning the visual representation alongside them [7]. Although
these models were designed to enrich the textual context using
sufficient visual information to improve translation, it is difficult
to summarize all the semantic information of an entire image into
a single global visual feature.

To address this issue, subsequent researchers represented
visual information using a set of convolutional local features
that are equally sized grid local features. These features were
used to preserve spatial correspondence with the image. The
following integration methods were investigated: 1) computing
a multimodal context using a multimodal attention mechanism
that simultaneously focuses on an image and its source descrip-
tion [12], [24]; 2) conjecturing a learnable masking operation
over the convolutional feature maps to help the attention mech-
anism filter out local features that are irrelevant to translation
and focus on the most important part of the visual inputs [15];
3) focusing on textual and visual features independently using
different attention strategies [13], [14], [25]; and 4) attending
to local features by setting an additional attention sublayer
after self-attention [26]–[28]. However, in the aforementioned
approaches, the attention mechanism cannot easily distinguish
equally sized local features. As proved in [29], attending to spe-
cific regions of the image is crucial to improving the translation.

Consequently, in recent studies, images are represented us-
ing multiple object-level regional features to solve the afore-
mentioned limitations by attempting the following integration
strategies: 1) generating a single representation from multiple
object-level features to initialize the source textual sequence [30]
or refine the target language textual context [31]; and 2) learning
to focus on specific regional features using an additional image
attention mechanism [19]. Although regional features aid object
localization or semantic information presentation, the manner
in which they are integrated into the model still needs to be
improved.

Based on [16], if the textual modality is sufficient to
accomplish the translation task, the visual modality should
be integrated to play a complementary role rather than a
redundant role. Toward this end, an emerging trend of exploiting
correlations between modalities has been considered promising.
Some strategies have been developed: 1) jointly learning a
shared vision-language embedding space and a translator [32];
2) modeling the interaction between visual and textual features
using a latent variable model alongside a translation model [33];
3) training multi-head co-attention to capture the interaction
between visual and textual features in multiple subspaces [18];
4) learning a universal visual representation by retrieving associ-
ated images for words in a source sentence [34]; 5) utilizing man-
ually annotated datasets to train supervised visual attention [35];
and 6) integrating multimodal graph neural networks [20] and
dynamic context-guided capsule networks [36] into the MNMT.
Although these researchers successfully prove the effectiveness
of relating textual and visual information for MNMT, there are
lingering concerns. First, jointly learning visual and textual
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representations with latent space requires large-scale training
data that MNMT lacks. Second, in multimodal tasks, different
modalities do not usually have equal importance. It is suggested
that texts are obviously more important than images [37].
Likewise, the impact of textual predominance has been revealed
by [38]. Therefore, effectively correlating multimodal inputs is
a lingering challenge for MNMT.

Meanwhile, some methods have been developed for correlat-
ing modalities in other multimodal tasks that focus on image-
to-text one-way operation: 1) Correlating textual and visual
modalities by a multimodal embedding space [39], [40]. Rather
than learning a joint space, a pre-processed facility WRA using
visual concepts as an intermediary to build semantic relevance
between words and regions is proposed in this paper; 2) Aligning
textual and visual features by different attention mechanisms,
such as a mutual attention mechanism [41], a stack of co-
attention layers [42], and self-attention [43] or cross-modality
attention [44]. In contrast, in our study, double attention is
collocated for learning alignment between source words and
target words and between image regions and target words; and 3)
Jointly training visual and textual attention mechanisms [45] or
jointly learning word-tag-region triple embeddings [46] to find
shared semantics between images and sentences. Differently, our
work pre-processes the semantic relevance between images and
sentences using WRA rather than joint training. Moreover, rep-
resentations of visual concepts do not need to be jointly learned.
Instead, the visual concepts act as an intermediary to indicate
the explicit semantic information of the corresponding image
regions to help words and regions build semantic relevance.

Overall, this study differs from previous works in the fol-
lowing two techniques: First, this study is the first to propose
an integration facility called WRA, utilizing visual concepts as
an intermediary to pre-process the semantic relevance between
source words and image regions. Second, it proposes a novel
integration strategy called W2R, advancing the interaction be-
tween textual and visual modalities by leveraging WRA as a
bridge without disturbing the textual context.

III. METHODOLOGY

In this section, we describe our methodology as follows: 1)
We introduce the proposed WRA in Section III-A, according to
Fig. 2; 2) The details of the integration of WRA into the RNN-
based MNMT model shown in Fig. 3 and the transformer-based
MNMT model shown in Fig. 4 are presented in Sections III-B
and III-C, respectively.

A. WRA Generation

As shown in Fig. 2, we propose a WRA containing explicit
semantic interactions between the source words and image re-
gions. The WRA is pre-processed; it acts as an auxiliary input
to guide interactions between the textual and visual information
inside the entire model.

For regions, we use the object detection method in [47] to
extract object-level regions for each image. Specifically, each
image region is not only denoted by a bounding box in the image
but also detected along with a visual concept consisting of an

Fig. 2. WRA generation. Each region-level visual feature was annotated using
a visual concept consisting of an attribute class, followed by an object class.
Subsequently, it was be used to create a relationship with each source word
based on semantic similarity. The WRA represents the semantic correlation
between each regional visual feature and all words in a sentence.

Fig. 3. WRA-guided RNN-based MNMT model.

attribute class followed by an object class (see Fig. 2). We extract
m image regions along with visual concepts for each image that
are used to annotate the semantics of the corresponding regions.
Then, we convert the source words and visual concepts into
subword units.

We identify two types of explicit WRA:
1) Soft WRA: The soft WRA is generated as a cosine simi-

larity matrix that presents the semantic similarity score between
source words and image regions.

To calculate cosine similarity scores between the source words
and image regions, first, we utilize fastText1 to learn subword
representations of the source words and visual concepts. We use

1[Online]. Available: https://github.com/facebookresearch/fastText
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Fig. 4. WRA-guided transformer-based MNMT model.

a pre-trained model2 containing two million word vectors trained
on subword information on Common Crawl (600B tokens). The
subword embeddings of source words can be generated directly,
whereas the subword embeddings of visual concepts should take
an average of all the constituent subwords because they are
phrases. Then, these embeddings provide a mapping function
from a subword to a 300-dim vector, where semantically similar
subwords are embedded close to each other.

As shown in Fig. 2, the source words are represented by
W = {w1,w2,w3, . . . ,wn} ∈ Rd300 , and visual concepts are
represented by C = {c1, c2, c3, . . . , cm} ∈ Rd300 , where n de-
notes the source length and m denotes the region amount.

We define the soft WRA by computing the similarity score
between the source words and visual concepts as follows:

gi,j =
cTi ·wj

‖ci‖ · ‖wj‖ , i ∈ [1,m], j ∈ [1, n]

Here, gi,j represents the similarity score between the i-th
region and the j-th word.

Finally, we define the semantic relevance between the i-th
region and the whole source sentence using a similarity vec-
tor gi ∈ Rdn . Then, the soft WRA is represented as Gsa =
{g1,g2,g3, . . . ,gm} ∈ Rdn .

2) Hard WRA: The hard WRA is generated as a maximum
similarity matrix along the source word axis based on the soft
WRA.

We make a hard choice to pair each region with only one word
in the whole sentence by aligning the most semantically relevant
words to each region based on similarity score gi,j :

g′i,j =

{
1, if arg max

j∈[1,n]
(gi) = j,

0, otherwise

Here, g′i,j represents the replacement of the maximum sim-
ilarity score between the i-th region and the j-th word with 1,
and the replacement of others with 0.

2[Online]. Available: https://fasttext.cc/docs/en/english-vectors.html

Finally, the hard WRA can be represented using m one-hot
vectors by Gha = {g′1,g′2,g′3, . . . ,g′m} ∈ Rdn .

B. WRA-Guided RNN-Based MNMT Model

As illustrated in Fig. 3, based on text-to-text RNN archi-
tecture [2], our WRA-guided RNN-based MNMT model com-
prises four parts: textual encoder, visual encoder, word-to-region
(W2R), and decoder. The most unique stage is the W2R, where
the soft/hard WRA are integrated to guide interactions between
textual and visual representations.

1) Textual Encoder: The textual encoder is a bi-directional
RNN with gated recurrent unit (GRU) [48]. Given a source
sentence X = (x1, x2, x3, · · · , xn), the encoder updates
the forward hidden states with annotations (

−→
h1,
−→
h2,
−→
h3, · · · ,−→

hn) ∈ Rds and updates the backward with annotations (
←−
h1,←−

h2,
←−
h3, · · · , ←−hn) ∈ Rds . By concatenating the forward and

backward annotations, the textual representation is denoted as
H = (h1,h2,h3, . . . ,hn) ∈ Rdh .

2) Visual Encoder: The visual encoder is an object-
detection-based approach [47] to regional feature extraction.
Given an input image, the visual encoder employs the faster
R-CNN [49] in conjunction with ResNet-101 [50] as its back-
bone, which is pre-trained on the Visual Genome [51] dataset
to extract m regional visual features from each image. Each
regional feature is represented as a vector a and the visual
representation is denoted by A = (a1,a2,a3, . . . ,am) ∈ Rdr .

3) Word-to-Region (W2R): After generating textual and vi-
sual representations independently, the WRA is integrated as an
additional input to bridge them, acting as an auxiliary cue to
guide source words to interact with regional features.

The formulation, which entails two stages, is illustrated in
Fig. 3.

i) In the first stage, intermediate textual representations H′ =
(h′1,h′2,h′3, . . . ,h′m) ∈ Rdr are associated with each image
region under the guidance of the WRA. Subsequently, two
definitions are used to calculate the WRA-guided textual feature
h′i, with respect to the i-th region.
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� Under the guidance of the soft WRA:

h′i = T

(
1

n
� (gi ·H)

)
� Under the guidance of the hard WRA:

h′i = T(g′i ·H)
where gi is from the Gsa; g′i is from the Gha; H is the textual

representation;n is the source length; and a linear transformation
function is defined by T : Rdh → Rdr .

ii) In the second stage, the WRA-guided textual repre-
sentations H′ = (h′1,h′2,h′3, . . . ,h′m) ∈ Rdr are combined
with the visual representationsA = (a1,a2,a3, . . . ,am) ∈ Rdr

through concatenation, to enrich each image region using seman-
tically relevant textual features. Through this transformation, the
interaction between the independently represented textual and
visual features are effectively facilitated.

ri = CONCAT(h′i,ai) =
[
h′i
ai

]
(1)

Thus, the visual representations are semantically enhanced by
combining WRA-guided textual features and advanced to mul-
timodal representations, denoted as R = (r1, r2, r3, . . . , rm) ∈
Rdr .

4) Doubly Attentive Decoder: The doubly attentive decoder
inspired by [13] functions in the textual and multimodal contexts
based on two independent attention mechanisms, then predicts
the probability of a target word. It is a deepGRU [52] with three
stacked GRUs derived from the convoluted gated recurrent units
(cGRUs).3

To generate the target word yt at time step t, a hidden state
proposal s′t is computed in the first GRU (fgru1

) using the
previous target word yt−1 and hidden state st−1 as follows:

s′t = fgru1
(yt−1, st−1)

s′t = (1− ξ̂t)� ṡt + ξ̂t � st−1

ṡt = tanh(WEY [yt−1] + γ̂t � (Ust−1))

γ̂t = σ(WγEY [yt−1] + Uγst−1)

ξ̂t = σ(WξEY [yt−1] + Uξst−1)

where Wξ, Uξ,Wγ , Uγ ,W , and U are the training parameters
and EY is the target word embedding.

Textual attention focuses on every textual representationhi in
H by assigning an attention weight, following which the textual
context vector zt is generated as follows:

etxtt,i = (V txt)Ttanh(U txts′t +W txthi)

αtxt
t,i = softmax(etxtt,i )

zt =

n∑
i=1

αtxt
t,i hi,

3[Online]. Available: https://github.com/nyu-dl/dl4mt-tutorial/blob/master/
docs/cgru.pdf

where V txt, U txt, W txt are the training parameters; etxtt,i is the
attention energy; αtxt

t,i is the attention weight matrix.
Likewise, visual attention focuses on every multimodal rep-

resentation ri in R by assigning an attention weight. Then, the
multimodal context vector ct is generated as follows:

eimg
t,j = (V img)Ttanh(U imgs′t +W imgri)

αimg
t,j = softmax(eimg

t,j )

ct =

m∑
j=1

αimg
t,j ri,

where V img, U img, W img are the training parameters; αimg
t,j is a

weight matrix; eimg
t,j is the attention energy.

Based on the textual context vector zt and previous hidden
state proposal s′t, a hidden state proposal s′′t is computed in the
second GRU (fgru2

). Similarly, based on the multimodal context
vector ct and the s′′t, the final hidden state st is generated in the
third GRU (fgru3

). Because the calculation of fgru2
and fgru3

are
similar to the function of fgru1

, we organize them as follows:

st = fgru3
([ct, yt−1], s′′t)

s′′t = fgru2
(zt, s

′
t)

We ensure that both representations have their own projections
to compute the candidate probabilities by obtaining textual and
visual GRU blocks [53] as follows:

bv
t = fght(W

v
b st)

bt
t = fght(W

t
bs
′′
t)

yt ∼ pt = softmax(W t
projb

t
t +W v

projb
v
t ).

where W v
b ,W

t
b,W

t
proj,W

v
proj are training parameters, and fght

is a gated hyperbolic tangent activation [54] substituted for the
tanh function.

C. WRA-Guided Transformer-Based MNMT Model

As illustrated in Fig. 4, based on text-to-text transformer
architecture [55], our proposed model also comprises four parts:
textual encoder, visual encoder, word-to-region (W2R), and
decoder. The W2R is the core stage to leverage WRA.

1) Textual Encoder: In the transformer [55], a source sen-
tence is encoded by a textual encoder with multiple layers. The
encoder is composed of a stack of N identical layers, each of
which included two sublayers. The first and second sublayers
are the multi-head attention and position-wise fully connected
feed-forward network (FFN). Residual connection and layer
normalization are used between sublayers. Formally, the output
of each sublayer is defined as LayerNorm(x+ Sublayer(x)),
where Sublayer() is the function implemented by the sublayer
itself. To encourage these residual connections, all the sublayers
and embedding layers produce outputs of dimension dm. Each
source word is encoded as a vector h and the textual represen-
tation is denoted by H = (h1,h2, . . . ,hn) ∈ Rdm .
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2) Visual Encoder: The internal structure of the visual
encoder is the same as that introduced in Section III-
B2. Similarly, the visual representation is denoted by A =
(a1,a2,a3, . . . ,am) ∈ Rdr .

3) Word-to-Region (W2R): Based on the two stages of WRA
integration method introduced in Section III-B3, we simi-
larly combine semantically relevant textual features into vi-
sual features guided by soft/hard WRA. Consequently, the
visual representations are combined with the WRA-guided
textual representations and converted into semantically en-
hanced multimodal representations, which are denoted as R =
(r1, r2, r3, . . . , rm) ∈ Rdr .

4) Doubly Attentive Decoder: The decoder also comprises
a stack of N identical layers. In addition to the two sublayers,
similar to the encoder, a decoder with double cross-attention
mechanisms over the sources inspired by [27] is implemented.
The proposed model attends to textual representations and
multimodal representations simultaneously to generate textual
and multimodal contexts. Each of them is attended to us-
ing the same set of queries, that is, the output of the self-
attention sublayer. A residual connection link is used between
the queries and summed context vectors from the parallel double
cross-attentions.

The conventional textual cross-attention used in the trans-
former, called the multi-head scaled dot-product attention, is
simultaneously calculated on a set of queries, keys, and values
with M heads in parallel. Then, the generation of each head is
packed together into a matrix Q,Kt, Vt. The output matrix is
computed as follows:

MultiHead(Q,Kt, Vt) = Concat(head1t , . . . ,head
M
t )WO

where head
i∈[1,M ]
t = Attention(QWQ

i ,KtW
K
i , VtW

V
i )

= softmax(
QWQ

i (KtW
K
i )T√

dm
)VtW

V
i

where W ∗
i and WO are learnable parameter matrices.

Similarly, the visual cross-attention mechanism performs the
multi-head scaled dot-product attention on multimodal repre-
sentations with M heads in parallel, as follows:

MultiHead(Q,Kr, Vr) = Concat(head1r , . . . ,head
M
r )W o

where headi∈[1,M ]
r = Attention(QW q

i ,KrW
k
i , VrW

v
i )

= softmax(
QW q

i (KrW
k
i )

T

√
dm

)VrW
v
i

where W ∗
i and W o are learnable parameter matrices.

Therefore, the summarized output from the two cross-
attentions is fed into the residual connection and layer normal-
ization. Then, the output is fed into the FFN sublayer, where the
dimensions of the input and output are dm and dff . Finally, the
decoder is capped using a linear layer and a softmax layer to
predict the probability of a target word.

IV. EXPERIMENTS

A. Datasets

1) Multi30k: We experimented on English→German (En→
De) and English→ French (En→ Fr) tasks using the Multi30k
dataset [21]. The dataset contained 29 k training images and
1,014 validation images. For testing, we used three public test
sets to evaluate our models: the Test2016 and Test2017 sets, each
containing 1 k images, and the ambiguous MSCOCO set [4]
containing 461 images. Each image was paired with image
descriptions expressed by both the original English sentences
and the German and French translations.

We lowercased and tokenized the English, German, and
French descriptions and English visual concepts using the script
in the Moses Toolkit.4 We converted space-separated tokens
into subword units using a byte pair encoding (BPE) model.5

With 10 k merge operations, the resulting vocabulary sizes of
each language pair were 5,202→7,065 tokens for En→ De and
5,833→6,575 tokens for En→ Fr.

2) Flickr30kEnt-JP: We conducted experiments on the En-
glish → Japanese (En → Jp) task using the Flickr30kEnt-JP
dataset [22], an extension of Flickr30k [56] and Flickr30k enti-
ties [57] with newly included manual Japanese translations.

For training and validation, we used the Flickr30kEnt-JP
dataset6 for Japanese sentences, the Flickr30k entities dataset7

for English sentences, and the Flickr30k dataset8 for images.
They are sharing the same splits of training and validation data
made in Flickr30k entities. For the test data, we used WAT
2021 official test set,9 whose corresponding images were in the
Flickr30k dataset.

Note that the Japanese training data size was originally
148,915 sentences; however, five sentences were missing.
Therefore, we used 148,910 sentences for training. In summary,
we used 148,910 pairs for training, 5 k pairs for validation, and
1 k monolingual English sentences for testing.

For English sentences, we applied lowercase, punctuation
normalization, and the tokenizer in the Moses Toolkit. Then, we
converted space-separated tokens into subword units using the
BPE model with 10 k merge operations. For Japanese sentences,
we used MeCab10 for word segmentation during training with
the IPA dictionary and used KyTea11 for word segmentation
during testing12 with the Full SVM model.

B. Evaluation

We evaluated the quality of the translation according to the
token level BLEU [58] and METEOR [59] metrics and reported

4[Online]. Available: https://github.com/moses-smt/mosesdecoder
5[Online]. Available: https://github.com/rsennrich/subword-nmt
6[Online]. Available: https://github.com/nlab-mpg/Flickr30kEnt-JP
7[Online]. Available: http://bryanplummer.com/Flickr30kEntities/
8[Online]. Available: http://shannon.cs.illinois.edu/DenotationGraph/
9[Online]. Available: https://nlab-mpg.github.io/wat2021-mmt-jp/
10[Online]. Available: https://taku910.github.io/mecab/
11[Online]. Available: http://www.phontron.com/kytea/index.html
12We used a consistent word segmentation method with the previous work [35]

during testing. As their work used different data settings with the WAT 2021
official dataset, we did not compare our results with theirs in this work.
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the average score over three runs. We conducted a statistical
significance test with bootstrap resampling [60] for the merger
of three test translations using the script in Moses Toolkit. We
reported a statistically significant improvement in BLEU if the
p-value is < 0.05.13

C. Setup

In our experiments, we split two branches based on the
architecture of the models: RNN-based models and transformer-
based models. Each branch includes the following types of
models for comparison.
� NMT: the text-to-text NMT model, wherein only the tex-

tual sentences were used.
� MNMTR: the doubly attentive MNMT model [19] using

regional visual features, without integrating WRA to pro-
cess W2R strategy.

� MNMTW2R(sa): the proposed MNMT model incoporating
soft WRA to guide W2R stage.

� MNMTW2R(ha): the proposed MNMT model incorporat-
ing hard WRA to guide W2R stage.

All the models were implemented with Nmtpytorch [61].14

In the visual encoder for all the MNMT models, the number
of regional features was set to m = 36, and the dimensions of
the regional feature vectors were set to dr = 2, 048.

1) Settings of the RNN-Based Models: We set the dimensions
of the encoder and decoder hidden states at ds = 256, the textual
representation dimension at dh = 512, word embedding at 128-
dim, batch size at 46, textual dropout at 0.3, visual dropout at
0.5, model dropout at 0.5, and both blocks bt

t and bv
t at 0.5. We

used the Adam optimizer [62] with a learning rate of 0.0004 for
all the models.

For training En → De and En → Fr tasks, we consistently
stopped training when the METEOR score did not improve
over 10 evaluations on the validation set, and one validation
evaluation was performed every 1,000 iterations.

For training En → Jp task, we stopped training when the
BLEU score did not improve over 20 evaluations on the valida-
tion set, and one validation evaluation was performed after every
epoch.

2) Settings of the Transformer-Based Models: We set the
encoder and decoder to containN = 6 layers. The dimensions of
all the input and output layers were set to dm = 512. The textual
representation dimension was dm = 512 and the dimensions of
the inner feed-forward neural network layer were dff = 2, 048.
The number of all the multi-head modules in the encoder and
decoder layers was set to M = 8.

For training En → De and En → Fr tasks, the sentence-
minibatch size was set to 64, the label smoothing value was
set at 0.1, and the attention dropout and residual dropout were
0.3. We used the Adam optimizer with β1 = 0.9, β2 = 0.98.
The learning rate was tuned to 0.05, with a warm-up step of
4,000 for the NMT model; 0.03 with a warm-up step of 4,000 for
the MNMTR, MNMTW2R(sa), and MNMTW2R(ha) models. We

13We did not report on METEOR due to the statistical significance test for
METEOR is not implemented in the Moses script.

14[Online]. Available: https://github.com/lium-lst/nmtpytorch

stopped training when the METEOR score did not improve over
10 evaluations on the validation set and one validation evaluation
was performed every 1,000 iterations.

For training En→ Jp task, different settings were used. The
sentence-minibatch size was set at 48, the Adam optimizer was
tuned using β1 = 0.9, β2 = 0.998. Training was stopped when
the BLEU score did not improve over 20 evaluations on the
validation set and one validation evaluation was performed after
each epoch.

D. Further Experimental Comparison

To empirically verify the merit of our proposed model, we
also presented the performance of the following state-of-the-art
MNMT models for comparison, namely:
� VAG-NMT [32]: Jointly optimizes a translation model and

learns a shared vision-language space.
� VMMTF [33]: An MNMT model that incorporates image

context learnt by a latent variable model.
� Del+Obj [31]: A transformer-based deliberation model

enriched using object-level features.
� Trans+VR [34]: A transformer model with universal visual

representation by a topic-image lookup table.
� VAR-{S2S, TF} (hard) [18]: Jointly trains the source-to-

target and target-to-source translation models through hard
visual agreement regularization.

� MNMT+SVA [35]: A transformer-based MNMT model
with the supervised visual attention mechanism.

� GMFE-NMT [20]: A graph-based multimodal fusion en-
coder to conduct graph encoding for NMT.

� MTF [37]: A transformer-based NMT model with multi-
modal self-attention to integrate text and image features.

V. RESULTS

A. Results on the En→ De Task

1) Results Within Our RNN-Based Models: As shown in
Table I, compared with the text-to-text NMT, the MNMTR con-
sistently improved the translation performance, benefiting from
integrating regional features. Nevertheless, the improvements
were less significant across different metrics on all the test sets.
From this point, we observed that even if high-quality regional
features are fused, the role of the visual feature is limited by
the integration method and is not fully realized. In contrast, the
proposed MNMTW2R(sa) and MNMTW2R(ha) models yielded
significantly improved translation results, compared to the NMT
baseline, and consistently obtained a larger margin than the
MNMTR.

The key difference between the MNMTW2R and MNMTR

was the integration of WRA. It was verified that integrating the
WRA enabled better use of the visual features; therefore, the
performance was better than that of the model without the WRA.
We think that the significant improvements could be attributed
to two aspects of the proposed model:
� The WRA bridges vision and language well.
� Integrating WRA-guided textual features with visual fea-

tures can promote visual features utilization.

A Self-archived copy in
Kyoto University Research Information Repository

https://repository.kulib.kyoto-u.ac.jp

https://github.com/lium-lst/nmtpytorch


ZHAO et al.: WORD-REGION ALIGNMENT FOR MULTIMODAL NEURAL MACHINE TRANSLATION 251

TABLE I
BLEU AND METEOR SCORES ON MULTI30K EN→ DE TASK. THE RESULTS ARE SIGNIFICANTLY BETTER THAN THOSE OF NMT (†) AND MNMTR (‡) WITH

p-VALUE < 0.05. THE GAP IN AN INCREASE (↑) OR DECREASE (↓) IN RELATION TO THE NMT BASELINE IS SHOWN IN PARENTHESES. THE BEST PERFORMANCE

IN OUR MODELS AND EXISTING MNMT MODELS APPEAR IN BOLD. ALL OUR RESULTS ARE THE AVERAGE SCORES OVER THREE RUNS

In general, both the MNMTW2R(sa) and MNMTW2R(ha)

models performed well, and there was almost no gap in trans-
lation results between the integration of soft WRA and hard
WRA. In more detail, the integration of soft WRA could help
visual attention focus on regional visual features by considering
all textual features according to the semantic relevance of each
image region. On the other hand, the integration of hard WRA
could assist visual attention to focus on regional visual features
by indicating the most semantically relevant textual features for
each of them. Therefore, the integration of either soft WRA
or hard WRA could help the visual attention pay attention to
regional visual features that were semantically related to the
textual features, leading to better visual information use.

2) Results Within Our Transformer-Based Models: As
shown in Table I, based on the transformer architecture, the
MNMTR model cannot outperform the state-of-the-art text-to-
text NMT model. This may be attributed to two factors:
� When the primary modality (text) is sufficient to accom-

plish the translation task, the visual context cannot play
a supplementary role; however, it may interfere with the
effect of the textual context.

� When encoding source words, the transformer considers
the association between words and the entire sentence.
However, there was no relationship among the regional
features. Therefore, the visual context may not be as useful
as textual context.

In contrast, the proposed MNMTW2R(sa) and MNMTW2R(ha)

models consistently improved the translation performance over

the text-to-text NMT model. The significant improvements show
that the proposed MNMTW2R(sa) and MNMTW2R(ha) models
overcome both problems. Specifically, in our proposed models,
we maintained the textual context while enriching the visual
features with WRA-guided textual features to generate a multi-
modal context such that the multimodal context can play a more
effective role than the pure visual context.

3) Comparison of Proposed Model and Existing Ones: We
conducted early stopping on the METEOR metric; therefore, we
mainly compared our METEOR results with existing models.
As shown in Table I, the METEOR scores of the transformer-
based MNMTW2R(sa) and MNMTW2R(ha) models surpassed
all the state-of-the-art MNMT results. The best performance
was yielded by the proposed transformer-based MNMTW2R(sa)

model. Moreover, the METEOR scores of the RNN-based
MNMTW2R(sa) and MNMTW2R(ha) models were comparable
to the state-of-the-art MNMT results. This demonstrates that our
proposed models are competitive among all the existing MNMT
models.

B. Results on the En→ Fr Task

As shown in Table II, the results of the En→ Fr task showed
a consistent trend with the results of the En → De task. Thus,
the generality of the proposed framework was established.

First, based on either the RNN or transformer architecture,
the proposed MNMTW2R(sa) and MNMTW2R(ha) models con-
sistently surpassed the NMT model by a significant margin.
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TABLE II
BLEU AND METEOR SCORES ON MULTI30K EN→ FR TASK. THE RESULTS ARE SIGNIFICANTLY BETTER THAN THOSE OF NMT (†) AND MNMTR (‡) WITH

p-VALUE OF < 0.05. THE INCREASE (↑) OR DECREASE (↓) IN RELATION TO THE NMT BASELINE IS SHOWN IN PARENTHESES. THE BEST PERFORMANCE IN OUR

MODELS AND EXISTING MNMT MODELS APPEAR IN BOLD. ALL OUR RESULTS ARE THE AVERAGE SCORES OVER THREE RUNS

TABLE III
BLEU AND METEOR SCORES ON FLICKR30KENT-JP EN→ JP TASK. THE RESULTS ARE SIGNIFICANTLY BETTER THAN THOSE OF NMT (†) AND MNMTR (‡)
WITH p-VALUE < 0.05. THE INCREASE (↑) OR DECREASE (↓) IN RELATION TO THE NMT BASELINE IS SHOWN IN PARENTHESES. THE BEST PERFORMANCE ARE

SHOWN IN BOLD. ALL OUR RESULTS ARE THE AVERAGE SCORES OVER THREE RUNS

In contrast, the MNMTR without the WRA failed to achieve
a unified improvement over NMT and the improvement was
less significant. This validates the effectiveness of our postula-
tion that translation performance can be effectively improved
through the integration of WRA.

Second, the results of the proposed transformer-based
MNMTW2R(sa) and MNMTW2R(ha) models surpassed all the
state-of-the-art MNMT results based on both the BLEU and ME-
TEOR metrics, except for the out-of-domain MSCOCO test set.
The best performance was achieved by the transformer-based
MNMTW2R(sa) model, which is consistent with the result of the
En→ De task.

It is worthy of note that the previous researchers mainly
compared the experimental results on the En → De task such
that the existing results on the En → Fr task were fewer than
those of the En→ De task.

C. Results on the En→ Jp Task

As shown in Table III, based on either the RNN or
transformer architecture, the proposed MNMTW2R(sa) and
MNMTW2R(ha) models consistently outperformed the NMT
baselines on both BLEU and METEOR scores. In contrast,
the MNMTR model without the integration of WRA failed
to overcome its transformer-based NMT, and the improvement
over its RNN-based NMT was less significant than the proposed
MNMTW2R(sa) and MNMTW2R(ha) models. This result may be
attributed to the fact that, when textual modality is sufficient to
perform well, inadequate use of visual context may help less in
translation performance and may even interfere with the effect
of text context in transformer-based NMT.

In detail, the only difference between the proposed
MNMTW2R(sa)/MNMTW2R(ha) model and the MNMTR base-
line is the integration of WRA. Benefitting from the integration
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TABLE IV
RIBES SCORES ON EN→ DE, EN→ FR, AND EN→ JP TASKS. THE BEST PERFORMANCE IS SHOWN IN BOLD. ALL RESULTS ARE THE AVERAGE SCORES OVER

THREE RUNS. THE RIBES SCORES REPORTED FOR EN→ DE AND EN→ FR TASKS ARE EVALUATED ON THE MULTI30K TEST2016 SET, AND EN→ JP TASK IS

EVALUATED ON THE WAT 2021 OFFICIAL TESTSET

TABLE V
ABLATION STUDY ON DIFFERENT INTEGRATION STRATEGIES OF WRA. BLEU AND METEOR SCORES ON EN→ DE AND EN→ FR TASKS USING THE MULTI30K

DATASET. THE BEST PERFORMANCE IS SHOWN IN BOLD. ALL RESULTS ARE THE AVERAGE SCORES OVER THREE RUNS

of WRA, the proposed models are more effective in terms of
improving translation performance than the MNMTR model,
which can encourage visual features to play a positive role.

Therefore, results in Table III proved the effectiveness of
integrating the WRA and validated the generality of the proposed
model for different language pairs.

The En → Jp results for previous works were unavailable
because the WAT 2021 official dataset was newly created.

D. Additional Results for Different Language Pairs

We further proved the superiority of our proposed models by
measuring the RIBES [63] for different language pairs, which
is an evaluation metric that is more sensitive to reordering.

As shown in Table IV , the proposed MNMTW2R(sa) and
MNMTW2R(ha) models achieved better RIBES scores than the
NMT and MNMTR baselines based on either RNN or trans-
former architecture across different language pairs. For instance,
0.5 and 0.4 RIBES scores were improved for En→De and En→
Fr tasks, respectively; and 0.2 RIBES scores were improved for
the En→ Jp task. The results in Table IV further proved that the
proposed models could achieve superior translation performance
for different language pairs.

VI. ANALYSES

A. Ablation Study

To further verify the effectiveness of the different components
in our proposed model, we also showed the performance of
the following ablated versions. All the ablated versions were
implemented on both RNN-based and transformer-based models
with soft/hard WRA. Tables V and VI show their corresponding
results. All the reported results are the average score over three
runs.

1) Different Integration Strategies of WRA: In the proposed
MNMTW2R(sa) and MNMTW2R(ha) models, we integrate WRA
to guide textual features into corresponding visual features to
generate multimodal context during the W2R stage. In the
ablation study, we conduct extensive experiments on different
integration strategies of WRA to confirm the effectiveness of the
integration method of WRA.

Region-to-Word (R2W): Unlike the MNMTW2R(sa) and
MNMTW2R(ha) models, we implemented a region-to-word
(R2W) stage instead of the W2R stage introduced in Sec-
tions III-B3 and III-C3. In R2W, we maintained the pure visual
context and integrated the WRA-guided visual features with
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TABLE VI
ABLATION STUDY ON DIFFERENT INTERMODAL FUSION OPERATIONS. BLEU AND METEOR SCORES ON EN→ DE AND EN→ FR TASKS USING THE MULTI30K

DATASET. THE BEST PERFORMANCE IS SHOWN IN BOLD. ALL RESULTS ARE THE AVERAGE SCORES OVER THREE RUNS

corresponding textual features to enrich the textual context and
realize a multimodal context.

W2R and R2W (R�W): We implemented W2R together with
R2W to achieve a bi-directional integration strategy called R �
W. In R � W, both the visual context enriched by WRA-guided
textual features and the textual context enriched by WRA-guided
visual features became multimodal contexts.

As shown in Table V, the proposed MNMTW2R(sa) and
MNMTW2R(ha) models achieved the best performance among
all the integration strategies. When the WRA was integrated with
the R2W and R � W strategies, the results were worse than the
W2R integration strategy because it might disturb the textual
context. It was suggested that maintaining the textual context
while enriching the visual context into a multimodal context by
WRA-guided textual features was the most appropriate integra-
tion strategy for WRA.

Moreover, compared with the R2W strategy, the R � W
strategy was slightly better. We conjectured that when interfering
with the textual context in the text-to-text task, enriching the
visual context using WRA-guided textual features, instead of
the pure visual context, enabled better visual information use in
the image-to-text task. These results validated the effectiveness
of the proposed WRA integration strategy.

2) Different Intermodal Fusion Operations: We explored the
impact of different intermodal fusion operations during the
generation of a multimodal context on the overall performance.

In the proposed W2R stage, we combined the WRA-guided
textual features and visual features to generate a multimodal
context with CONCAT as the fusion operator, which is defined
in 1). Instead of CONCAT, we investigated the SUM and MUL-
TIPLY operations to fuse modalities for generating multimodal
contexts.

From Table VI, it can be observed that the CONCAT operation
was the most effective fusion operation to generate the multi-
modal context in our proposal. The results were slightly worse
when the fusion was realized using the SUM and MULTIPLY
operators. This difference could be attributed to the fact that
concatenation could make use of a linear layer that learned how
to integrate the modality-specific activations into the multimodal
context vector, as demonstrated in [12].

B. Human Evaluation

The human evaluation results of the En→ De, En→ Fr, and
En→ Jp tasks are summarized in Figs. 5 and 6. We compared the
translation quality of the RNN-based models and transformer-
based models on all test sets among the MNMTW2R(sa),
MNMTR, and NMT, or among the MNMTW2R(ha), MNMTR,
and NMT. We randomly selected 50 samples for the evaluation
of each test set and list the number of times that raters preferred
one translation over another or judged them to be of the same
quality (Tie).

We employed two bilingual raters of German and English to
evaluate the En→De translation quality, two bilingual raters of
French and English to evaluate the En→ Fr translation quality,
and two bilingual raters of Japanese and English to evaluate the
En→ Jp translation quality. The raters were informed to focus
more on the semantic meaning (adequacy) than on grammatical
correctness (fluency) when indicating reference translations.
They were given the option of a tie if they could not make a
decision. For the evaluation result, we counted the number of
times the raters ranked one translation over others or considered
that the translations were tied. We measured the agreement using
the kappa coefficient (K) with 20% of the samples of each
language pair overlapped and evaluated twice. The agreement
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Fig. 5 Human evaluation results on the En→ De and En→ Fr tasks. The number of times the MNMTW2R(sa)/MNMTW2R(ha) ranked first on each test set is
shown in red.

Fig. 6 Human evaluation results on the En→ Jp task. The number of times
the MNMTW2R(sa)/MNMTW2R(ha) ranked first on test set is shown in red.

for bilingual raters of German and English was K = 0.62,
the agreement for bilingual raters of French and English was
K = 0.69, and the agreement for bilingual raters of Japanese
and English was K = 0.65. In the interpretation of the Kappa
coefficient, 0.61–0.8 is substantial.

In general, we observed that the proposed MNMTW2R(sa) and
MNMTW2R(ha) models based on both the RNN and transformer
ranked top consistently across different language pairs. It further
verified that not only under the automatic evaluation metrics but
also under the human judgments, the proposed MNMTW2R(sa)

and MNMTW2R(ha) models could achieve better translation
performance.

In more detail, when analyzing the same test set, the number
of times that the MNMTW2R(sa) ranked top was close to that
when the MNMTW2R(ha) ranked top. The integration of soft
WRA could enrich regional features with an average of all
textual features according to different semantic relevance. In
contrast, the integration of hard WRA could explicitly enhance
regional features with their most semantically relevant textual
features. When translating a source word, both can help the
visual attention mechanism pay attention to regional features
enriched by their relevant textual features. Consequently, the
integration of either soft or hard WRA could lead to a better
interaction between textual and visual features to make effective
visual information utilization.

C. Visualization

In Fig. 7, we visualized the learned textual and visual rep-
resentations to further analyze the proposed method. In detail,
we visualized the textual and visual representations, which are
learned by RNN-based/Transformer-based MNMTW2R(sa) and

MNMTW2R(ha) on different language pairs, respectively. For
the Test2016 set of the En→ De/En→ Fr task and the official
test set of the En → Jp task, we generated textual and visual
representations as follows: 1) Text: the hidden representations
for textual features generated by the textual encoder. 2) Im-
age_(independent): representations of regional visual features
generated by the visual encoder, independent of textual features.
3) Image_(MNMTW2R(sa/ha)): the learned representations for
regional visual features generated by the W2R integration strat-
egy using soft/hard WRA, which are enriched with semantically
relevant textual features guided by WRA. We took the average
of word/region representations to obtain the representations for
each sentence and image and visualized them using the T-SNE
toolkit.

As shown in Fig. 7, the representations learned by
the proposed RNN-based/Transformer-based MNMTW2R(sa)

and MNMTW2R(ha) models are visualized, respectively.
The representation distribution of different proposed mod-
els conveys the same commonality that the distribution of
image_(MNMTW2R(sa/ha)) is always in the middle of the text
and image_(independent). It can be observed that the distri-
bution of image_(MNMTW2R(sa/ha)) is always closer to the
text than the image_(independent). Furthermore, although the
image_(MNMTW2R(sa/ha)) is close to the text, the distribution
of the text is not disturbed by the image_(MNMTW2R(sa/ha)).

Visualizations in Fig. 7 further prove the contributions of each
key component of the proposed method as follows:

First, the utilization of WRA is a key component that
causes the distribution of the image_(independent) and
image_(MNMTW2R(sa/ha)) to be different. It can be found that,
after enriching the independent visual features with related tex-
tual features guided by WRA, the proposed method can bring the
visual features closer to the textual features. This demonstrates
that the intermediate facility WRA plays a crucial role as a
bridge, connecting independent textual and visual features that
are far from each other.

Second, the W2R integration strategy is another key compo-
nent that brings the image_(MNMTW2R(sa/ha)) close to the text
without disturbing the distribution of the text. By concatenating
visual features with WRA-guided textual features in the W2R
strategy, the proposed method can encourage visual features to
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Fig. 7 Representation visualization for textual features, independent visual features, and enriched visual features with soft/hard WRA-guided textual features.
Representations are learned by RNN-based/Transformer-based MNMTW2R(sa) and MNMTW2R(ha) on the En→ De, En→ Fr and En→ Jp tasks, respectively.
Text (blue): the textual representations generated by textual encoder. Image_(independent) (orange): the visual representations generated by visual encoder before
conducting W2R, which are independent of textual representations. Image_(MNMTW2R(sa/ha)) (green): the enriched visual representations generated by W2R,
which have been related with textual features by leveraging soft/hard WRA as a bridge.

interact with semantically relevant textual features to help them
be closer without disturbing the textual features. Therefore, it
can be demonstrated that the W2R strategy plays a crucial role
in advancing interactions between textual and visual modalities
without disturbing the textual features.

D. Case Study

In Fig. 8, we showed two cases to analyze the translation qual-
ity. The left case shows the results from the RNN-based models
and the right case shows the results from the transformer-based
models. We performed the visualization as following: 1) We
visualized the source-target alignment of textual attention; and
2) We visualized the region-target alignment of visual attention
at a time step that generated a certain target word while attending
to the most weighted region. The region was denoted by a
bounding box along with the target word. In the left example, the
MNMTW2R(ha) correctly translated “backyard” to a compound

noun of “arrière-cour.” However, the NMT and MNMTR with-
out the WRA models mistranslated it as “cour,” which means
“yard” in English. Through visualization, we observed that the
regional visual feature utilized by the MNMTW2R(ha) model
provided more helpful information for generating more accurate
translations than the MNMTR model. This showed that the pro-
posed model can fully utilize visual information to complement
textual information to learn more accurate translations.

In the right example, the MNMTW2R(sa) correctly translated
the source phrase “tank tops” to the target word “débardeurs,”
whereas the NMT and MNMTR without the WRA models failed.
From the visualization, we observed that the textual attention
weights for the source tokens “tank” and “tops” to the target
word “débardeurs” were the highest. At the same time, the region
with the highest visual attention weight provided semantically
relevant information about “tank tops” to help generate the
target word “débardeurs.” This showed that in the proposed
model, the textual and visual context provided semantically
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Fig. 8 Improved examples for case study. The improved translation is highlighted in green.

Fig. 9 Negative cases for error analysis. The translation errors are highlighted in red.

relevant information interactively to generate more accurate
translation.

These cases revealed that our proposal can lead to better visual
information use and improved translation accuracy.

VII. DISCUSSION

A. Shortcomings

In Fig. 9, we showed two negative cases to analyze the
shortcomings of the proposed method.

In the upper case, the MNMTW2R(sa)/MNMTW2R(ha) mis-
translated “moderately populated” that consisted of an adverb
and a verb. After checking the WRA, we found no visual
concepts related to “moderately” or “populated” included in the
WRA. In the lower case, the MNMTW2R(sa)/MNMTW2R(ha)

mistranslated the verb “breaking.” Similarly, we found no re-
lated visual concepts for “breaking” included in the WRA.

Such common errors involve the translation of verbs and
adverbs. This is because the visual concepts extracted by the
object detection method only express attribute and object-level
information. Therefore, one of the shortcomings of the WRA
is that non-visual words in source sentences, such as verbs
and adverbs, may not be related to any visual concepts in the
WRA. Although non-visual words have no corresponding visual
concepts, visual information will still be considered for such
words during translation. In this case, the effect of WRA is
limited, and the visual information for non-visual words tends

to be redundant, which does not have a positive effect on the
translation performance.

Additionally, there is another shortcoming of the WRA worth
considering. Our method proposes to use visual concepts as
an intermediary to pre-process the semantic relevance between
image regions and source words into WRA. However, as we
use the object detection method to extract visual concepts for
object-level regions in images, the classified visual concepts
are all in English. Therefore, this condition limits the source
language to English in our proposed model. We think that this
limitation can be solved. However, it is essential to use additional
methods, such as cross-lingual word embedding.

B. Performance Difference Among Different Language Pairs

As analyzed in the case study, we have illustrated that the
proposed method can lead to better visual information use on
improving word translation accuracy. By investigating improved
examples of different language pairs provided by human eval-
uation, we found that 64%, 68%, and 76% of the improved
examples for the En → De, En → Fr, and En → Jp language
pairs, respectively, benefited from the word translation accuracy.
However, there is a performance difference among different
language pairs. We found that the improvements in En→De and
En→ Fr language pairs on all evaluation metrics were greater
than those of the En→ Jp. It is worth noting that Japanese and
English are distant language pairs, whereas German/French and
English are similar language pairs.
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We think that, as the sentence structure and word order
between English and German/French almost correspond, the
improvement of word translation accuracy is significant for
the overall improvement of translation performance. However,
because the basic sentence structure and word order between En-
glish (strongly head-initial) and Japanese (strongly head-final)
are opposite, they lack the innate word order correspondence like
English and German/French, the improvement of word accuracy
is not enough to bring about a significant improvement in the
overall translation performance. Therefore, it is difficult for
the proposed method to improve the En → Jp task as much
as it does for En → De and En → Fr tasks. We suggest that
special care of word order is essential for improving MNMT
translation performance between distant language pairs such
as Japanese and English, and wrong word order may lead to
misunderstanding or incomprehensibility.

VIII. CONCLUSION

In this study, we proposed WRA to link textual and visual
features based on semantic relevance. To facilitate the semantic
correlation between textual and visual contexts, we proposed a
novel integration strategy W2R. The W2R integration method
guided by WRA effectively maintained the textual context while
transforming the visual context into a multimodal one by en-
riching it using WRA-guided textual features. Extensive exper-
imental results showed that the proposed model significantly
outperformed the competitive baselines on the En → De, En
→ Fr, and En → Jp language pairs consistently. Moreover,
the performance of the proposed model surpassed most of the
existing MNMT methods. Further analysis demonstrated that
the proposed model’s superior translation performance was at-
tributable to better visual information utilization.

In the future, we plan to explore multimodal integration
methods that can elevate the visual context from redundant to
complementary. In this study, we have found that the use of
visual features for non-visual words, such as verbs and adverbs,
in the proposed model tends to be redundant. To lead the visual
context to act as a complementary role rather than a redundant
role, the MNMT model needs to be able to understand which
attributes of words require images and which attributes of words
do not require images. Therefore, the word components in the
sentence structure should be considered to improve MNMT
performance in the next research step.
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