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Abstract: Parallel sentences play a crucial role in various NLP tasks, particularly for cross-lingual
tasks such as machine translation. However, due to the time-consuming and laborious nature of
manual construction, many low-resource languages still suffer from a lack of large-scale parallel
data. The objective of pseudo-parallel sentence extraction is to automatically identify sentence pairs
in different languages that convey similar meanings. Earlier methods heavily relied on parallel
data, which is unsuitable for low-resource scenarios. The current mainstream research direction
is to use transfer learning or unsupervised learning based on cross-lingual word embeddings and
multilingual pre-trained models; however, these methods are ineffective for languages with sub-
stantial differences. To address this issue, we propose a sentence extraction method that leverages
image information fusion to extract Chinese-Vietnamese pseudo-parallel sentences from collections
of bilingual texts. Our method first employs an adaptive image and text feature fusion strategy
to efficiently extract the bilingual parallel sentence pair, and then, a multimodal fusion method is
presented to balance the information between the image and text modalities. The experiments on
multiple benchmarks show that our method achieves promising results compared to a competitive
baseline by infusing additional external image information.

Keywords: neural machine translation; pseudo-parallel sentence extraction; image information fusion

1. Introduction

Parallel sentences are crucial for various NLP tasks, particularly for cross-lingual tasks
such as machine translation. The performance of neural machine translation (NMT) pos-
itively correlates with the scale and quality of parallel sentence pairs [1]. Unfortunately,
large-scale parallel data are available only for a relatively small number of language pairs.
Therefore, constructing large-scale high-quality parallel sentence pairs is one of the key
tasks in low-resource machine translation [2]. Due to the time-consuming and laborious
nature of manual construction, many low-resource language pairs, such as Chinese and
Vietnamese, still lack large-scale parallel sentence pairs [3]. Therefore, finding out how to
automatically extract and construct parallel sentence pairs from existing internet resources
is of great significance to ameliorate low-resource machine translation.

Parallel sentence extraction aims to automatically identify sentence pairs in different
languages that convey similar meanings. During the initial phases of parallel sentence ex-
traction, classifiers were developed utilizing maximum entropy classifiers, Bayesian neural
networks, and support vector machines [2,4-7]. These methods relied heavily on parallel
data, which is unsuitable for low-resource scenarios. While transfer learning and unsu-
pervised learning based on cross-lingual word embeddings and multilingual pre-trained
models are the current mainstream research direction for low-resource languages [8-13],
they may not be effective for languages with substantial differences.
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There is a large amount of multimodal data on the Internet. Image and text are two
different types of modalities with great differences in data form and semantic representa-
tion. Specifically, image is language-independent modal information, which can interact
semantically with multiple languages simultaneously and provide language-independent
semantic representation. Mining the natural image text alignment information in Inter-
net data is helpful for the extraction of bilingual parallel sentence pairs by improving the
semantic alignment of multilingual languages. As shown in Table 1 below, by fusing the
image information associated with the text, the dog information in the image helps to align
the entities “N6” and “dog” in the bilingual text, and the fused image information assists
in the extraction of parallel sentence pairs.

Table 1. Examples of Chinese—Vietnamese sentence pairs aligned with text and image.

Image Description of Image Content
Chinese ANHIE T BT
E (The dog is playing in the snow.)
& * \
\ 2 \
AR ‘ Vietnamese N6 dang chai trong tuyét.

Conventional parallel sentence extraction models are mostly limited to the discrimina-
tion task of pure text mode. Bilingual parallel sentence pairs are judged based on statistical
or deep semantic information. For the multimodal image and text data widely existing on
the Internet, how to build a unified deep representation network to represent and align
the image and text information in the public semantic space, furthermore, to use language-
independent image information to realize the determination of bilingual parallel sentence
pairs and improve the quality of parallel sentence pair extraction is one of the key problems
to be solved in this paper.

To address the multimodal parallel sentence pair extraction problem, this paper pro-
poses a parallel sentence pair extraction model based on cross-modal interactive fusion.
The image information associated with bilingual candidate texts is amplified by mining In-
ternet image—text alignment data, and the candidate images are selectively fused based on
the multi-modal interactive fusion module so as to improve the representation of bilingual
sentence pairs and determine whether the extracted sentence pairs based on it are highly
reliable. The contributions of the paper are as follows:

1. A pseudo-parallel sentence extraction model based on the adaptive fusion of visual
and text features is proposed. The performance of text parallel sentence pair extrac-
tion is improved by adaptive fusion of candidate image information.

2. A multimodal fusion method based on text selective gating is proposed. Based on
multimodal gating, the effective fusion of text and candidate sentences is realized,
and the representation ability of text sentence pairs is improved.

3. The experimental results based on multimodal data sets show the effectiveness of
the proposed method. By fusing the information of image modality, the ability of
extracting parallel sentence pairs is effectively improved.

2. Related Work

The primary objective of parallel sentence extraction is to automatically identify sen-
tence pairs in different languages that convey similar meanings. Previous research has pri-
marily focused on extracting pseudo-parallel sentence pairs in text modality. These meth-
ods can be broadly categorized into two categories: (i) utilizing a classifier constructed with
maximum entropy classifiers, Bayesian neural networks, and support vector machines and
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(ii) utilizing transfer learning and unsupervised learning based on cross-lingual word em-
beddings and multilingual pre-trained models. Both methods have shown promise in ex-
tracting parallel sentences for certain language pairs.

Francis Gregoire et al. [2] encode the source language and the target language based
on the bidirectional recurrent neural network, and then judge whether the source sentence
and the candidate target sentence are parallel based on the classifier. Jason Smith et al. [4]
used IBM Model 1 and a maximum entropy classifier for mining bilingual parallel sentence
pairs. Akbar Karimi et al. [5] proposed the use of a twin bidirectional recurrent neural
network (BiRNN) to construct the most advanced classifier and use the classifier to detect
parallel sentences. Marie et al. [6] propose a new method for extracting pseudo-parallel
sentences from a pair of large monolingual corpora. Without relying on any document-
level information, the proposed method exploits word embeddings to efficiently evaluate
trillions of candidate sentence pairs and use a classifier to find the most reliable sentences.
Bonet et al. [7] identified parallel sentence pairs from comparable corpora by measuring
the similarity and semantic correlation between translated sentences and then combining
the context and similarity measurement information. While these methods have shown
promising results, they require bilingual supervision such as a bilingual lexicon or parallel
sentences, which may not be available for many low-resource language pairs.

The success of cross-lingual word embeddings and multilingual pre-trained mod-
els without the use of parallel corpora has made it possible to apply transfer learning
and unsupervised learning to parallel sentence extraction for low-resource language pairs.
HangYa et al. [8] first proposed an unsupervised parallel sentence pair extraction method
based on the embedding of bilingual words, which relies on word similarity and uses the
average value of word vectors to evaluate sentence similarity. XiaYang et al. [9] effectively
improved the quality of extracted sentence pairs by using a very small seed lexicon (about
hundreds of entries) during the process of learning cross-lingual word representations.
ShaoLin et al. [10] proposed a new unsupervised method for obtaining parallel sentence
pairs by mapping bilingual word embeddings through postdoc adversarial training and
introducing a new cross-domain similarity adaption. YuSun et al. [11] proposed an ap-
proach based on transfer learning to mine parallel sentences in an unsupervised setting,
which utilizes bilingual corpora of rich-resource language pairs to mine parallel sentences
without bilingual supervision of low-resource language pairs. Kvapilikova et al. [12] and
Tran et al. [13] used multilingual pre-trained models to improve cross-lingual sentence rep-
resentations and achieved positive results in parallel sentence pair extraction tasks. These
methods can improve the accuracy and recall of mining parallel sentence pairs, but their
performance is better for similar languages and not ideal for languages with substantial
differences due to the lack of additional alignment information.

In recent years, multimodal machine translation has received widespread attention
from researchers [14-16]. Inspired by this idea, we propose a pseudo-parallel sentence ex-
traction method based on image information fusion. To the best of our knowledge, this is
the first time that image information has been applied to parallel sentence pair extraction
tasks for languages with significant differences, such as Chinese and Vietnamese. By using
images as additional alignment information, our method can effectively improve the qual-
ity of pseudo-parallel sentence pair extraction and the performance of machine translation
for low-resource languages.

3. Method

To handle pseudo-parallel sentence extraction efficiently, our method uses a new im-
age encoder to expand the source sentence encoder and uses the attention mechanism to
attach the image representation to the text representation so that the model can focus on
the text and image features together. The detail of the model is shown in Figure 1.
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Figure 1. Encoder model of image information fusion. For simplicity, we only list the model of the
source language. The encoding mode of the target language is the same as that of the source language.

3.1. Image Retrieval

Since the input of the model is a sentence—image pair, we convert the existing sentence—
image pair into a subject-image lookup table, which assumes that the subject words in the
sentence should be related to the paired images. Therefore, by searching the subject-image
lookup table, a sentence can have a set of images. In order to better focus on the main part of
the sentence and reduce noise such as stop words and low-frequency words, we designed
a filtering method based on the word frequency inverse document frequency (TF-IDF) [17]
to extract the “subject” words in the sentence. Specifically, given an original input sentence
x = {x1,x2,...,x1} of length I and its paired image e, x is first filtered through a stop word
list, and then, the sentence is processed as a document g. Then, the TF-IDF value TFIDF ij
is calculated for each word x; in g as follows:

TFIDF;j = —— x log— 181 (1)
T Yk 0k 1+j:x €gl

where 0; ; denotes the number of times the word x; appears in the input sentence g, [g| de-
notes the total number of source sentences in the training data, and |j : x; € g| denotes
the number of source sentences which contain the word x; in the training data. Then,
we select the first w words with the highest TF-IDF score as the new image description
t = {t1,ts,...,tw} of the input sentence x. After preprocessing, each filtered sentence ¢ is
paired with an image ¢, and each word t; € t is regarded as the subject word of the image
e. After processing the whole corpus, a topic-image lookup table Q is formed, in which
each topic word t; will be paired with dozens of images.

Finally, for the input sentence, we first obtain its subject words according to the text
preprocessing method described above. Then, the relevant images of each subject word
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are retrieved from the lookup table Q, and all the retrieved images are combined to form
an image list L. Since an image may be associated with more than one subject word, it
appears more than once in the list. We finally rank the images according to the frequency
of occurrence and select M images for each sentence.

3.2. Sentence Information Representation

As shown in Figure 1, we use the transformer [18] to encode the source sentence.
Given the source language sentence x = {x1,x2,...,x} of length I, a self-attention en-
coder composed of stacks of the same layers is used to represent it, in which each layer
includes two sublayers. The first sublayer is a self-attention module, while the second
sublayer is a position-based fully connected feedforward neural network. A residual con-
nection is applied between the two sublayers, and then, layer normalization is performed.
Formally, the source sentence is described as follows:

H' = LN (ATT" (Q”*l,KH, V’H) + H”*l) 2)

H" = LN (FNN” (H") +H”) 3)

where ATT(+), LN(+), and FFN"(-) denote the attention module, layer normalization, and
the feedforward network, respectively. Q" 1, k"1, and V"1 are the query, key, and
value obtained from the update of layer H"~!. After N times stacking, we obtain the final
representation H N of the source sentence.

3.3. Fusion of Text and Image Representation

To achieve the fusion of text and image representation, we paired each original sen-
tence x = {x1,x,...,x7} withimagese = {ej, ey, ..., ey} retrieved from the subject-image
lookup table Q. First, the source sentence x = {x1,xy,...,x1} is fed to the encoder to gen-
erate the representation H". Then, the image liste = {e1, €2, ..., e; } is fed to the pretrained
ResNET [19], followed by the feedforward neural network layer to obtain the representa-
tion of the original image textM € R™*294_ Then, the attention mechanism is used to
attach the image to the text representation:

H= ATTy (HN, K, VM) @)

where {Ky, Vi1 } is the overall representation of the M source images.

Intuitively, the pseudo-parallel sentence extraction model aims to fuse the image in-
formation into the encoder and increase the semantic information of the source sentence
and the target sentence instead of generating a group of images. In other words, we need
the image information to introduce directive information into the matching process. There-
fore, we set a weight parameter A € [0, 1] to calculate the importance of the image to each
source word:

A = sigmoid (wﬁ + U HN ) )

where W, and U, are model parameters; the final representation of the source sentence is
H=HN+AH (6)

The encoding process of the target sentence is the same as that of the source sentence.
After encoding, the target sentence representation t of the fused image information is ob-
tained. It should be noted that there is an aggregation layer in the model to fuse image and
text information.
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3.4. Prediction Module

After encoding the source sentence and the target sentence by using the transformer
model, their matching information is captured by using their element product and absolute
element difference, and then, the matching vector is fed to the feedforward neural network
with a sigmoid output layer to estimate the conditional probability of sentence parallelism:

uY —HoT @)

u® :‘H - T’ ®)

U; = tanh (WU + wu® 4 p) )
p(yi = 1|U;) = o(vU; + D) (10)

where ¢(-) is sigmoid function, W) € R¥»*% W@ ¢ R¥*% y ¢ R, and b € RY
are model parameters, and dy is the dimension of the hidden layer in the feedforward
neural network.

For prediction, if the probability of a sentence pair is greater than or equal to the
decision threshold p, it is classified as parallel:

= { Lif p(yi = 1{t) = p, (11)

0 otherwise.

4. Experimental Setting

In this section, we primarily present our experimental settings and describe the datasets used.

4.1. Dataset
4.1.1. Pseudo-Parallel Sentences

In order to evaluate the effectiveness of our method in extracting parallel sentence
pairs, we collected about 10,000 Chinese—Vietnamese pseudo-parallel sentence pairs. These
pseudo-parallel sentence pairs were used to build a text-image aligned corpus and also
served as positive samples for the evaluation of sentence pair extraction experiments.

4.1.2. Text-Image Aligned Corpus

In order to construct the subject-image lookup table proposed in Section 3.1, we used
the CLIP [20] tool for text-image retrieval to match each pseudo-parallel sentence pair
with an image and built a Chinese-Vietnamese text-image aligned corpus. These images
were mainly used to construct the subject-image lookup table and also provided additional
multimodal alignment information for the extraction of pseudo-parallel sentence pairs.

4.1.3. Monolingual Corpus

In order to evaluate the performance of the pseudo-parallel sentence pair extraction method,
we extracted about 2 million monolingual Chinese and Vietnamese sentences from the CC-100
corpus [21]. We primarily selected sentences that had a strong correlation with the images in
the text-image aligned corpus to improve the quality of the extracted corpus.

4.2. Experiment Setup

To observe the effect of our method on different neural network structures, we im-
plement our model on Bi-RNN, Bi-LSTM, and transformer. For Bi-RNN and Bi-LSTM, the
model encoder is set to 6 layers, and the word embedding dimension in the experiment is
set to 512. For transformer, the model encoder is set to 6 layers, the dimensions of all input
and output layers are set to 512 and 1024, the number of heads of the multi-head attention
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is set to 8, and the filter size is set to 2048. In the training, we use the Adam [22] optimizer
to adjust the model parameters.

To verify the effect of the sentences extracted by the model on machine translation
performance, we extracted 200,000 and 300,000 pseudo-parallel sentence pairs from the
Chinese and Vietnamese monolingual corpus using three different methods: the pure-text
extraction method [2], the method based on multilingual pre-trained language models [13],
and our proposed method. We take the extracted sentence pairs as the machine transla-
tion training data set and evaluate the translation quality on the trained model. We select
vanilla transformer as the NMT system, the layers of encoder and decoder are set to 6, the
dimensions of input and output layers are set to 512 and 1024, and Adam is selected as the
optimizer of the model.

5. Results and Discussion
5.1. Classifier Accuracy

We compare our proposed method to different baseline models in terms of precision,
recall, and F1 score. As shown in Table 2, the baseline model and experimental results
are reported.

Table 2. Evaluation results of our method implemented on different neural network structures
(dataset: Chinese-Vietnamese text-image dataset).

Model P(%) R (%) F1(%)
Bi-RNN 82.62 70.80 76.26
Bi-LSTM 85.25 73.64 79.04
Transformer 87.54 75.01 80.79

The experimental results show that the proposed method implemented on transformer
achieves better performance compared to Bi-RNN and Bi-LSTM implementation on the
Chinese-Vietnamese benchmark. One possible reason is that the self-attention mechanism
can conduct efficient use of image information. Apart from this, for the three implementa-
tions, we achieved the expected evaluation performance in terms of precision, recall, and
F1 score, which also proves that our method can reduce noise and extract effective image
representation information.

5.2. Machine Translation Quality

We conducted a comparison of the BLEU scores obtained by our proposed method
and the baseline. Table 3 displays the BLEU scores obtained by the NMT system trained
with varying numbers of Chinese—Vietnamese pseudo-parallel sentences extracted by the
extraction models.

Table 3. BLEU scores obtained on machine translation tasks by different numbers of Chinese-
Vietnamese parallel sentences extracted by the baseline system and our method.

Pseudo-Parallel Sentences Extraction Model BLEU
Grégoire et al. [2] 18.04

200 k Tran et al. [13] 16.34

Our method 18.91

Grégoire et al. [2] 19.02

300 k Tran et al. [13] 17.02

Our method 19.85

According to the experimental results, we observed that, compared with the baseline
models, our method can achieve significant translation performance improvement when
parallel sentence pairs of the same scale are extracted. The results show that the image
information can indeed help to improve the performance of the pseudo-parallel sentence
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extraction model and improve the quality of the Chinese-Vietnamese NMT model. In ad-
dition, when the scale of extracted data increased from 20 k to 30 k, the translation quality
is further improved, which shows that our model is effective for noise control and the ex-
traction process is robust.

The main motivation of the proposed method is to incorporate image information as
additional alignment cues to improve the quality of extracting pseudo-parallel sentence
pairs under unsupervised conditions. Although the pure-text extraction method (Base-
linel) was proposed earlier, its performance is better than the current best unsupervised
method (Baseline2). We believe there are two main reasons for this. Firstly, Baselinel uses
parallel corpora, which can improve the performance of the method. Secondly, the differ-
ences between Chinese and Vietnamese are quite significant, making it difficult for unsu-
pervised methods to effectively learn the alignment relationship between the languages.
However, the experimental results show that by utilizing image information, our method
achieves the current best results under unsupervised conditions, surpassing traditional
pure-text matching methods as well.

Although we only validated the method for Chinese—Vietnamese sentence pair extrac-
tion, we believe that this method can be applied well to other low-resource languages with
significant differences, which can greatly benefit the development of machine translation
for these languages.

5.3. Parameter M

In the extraction procedure, we select M images for each sentence. M is an important
parameter in sentence pair extraction. If it is set too small, it is difficult to retrieve useful
image information. Otherwise, noise will be introduced when M is set too loosely. We
conduct an experiment to study the setting of M, and Figure 2 shows the result.

82
81
80

79

78
77
76
75
74
1 2 3 4 5 6 7 8 9

Parameter M

F1 Score

Figure 2. Influence of different values of M on classifier accuracy.

It can be observed from the results that the performance of the pseudo-parallel sen-
tence extraction model is best when M is set to 5. In other words, noise is impaired while
the introduction of image information during encoding is maximized.

5.4. Case Study

We conducted a case study on the extracted pseudo-parallel sentences. On the extracted
corpus, we carried out example learning. It can be observed from Table 4 that our model can
better extract high-quality pseudo-parallel sentence pairs with the help of images.
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Table 4. Chinese-Vietnamese pseudo-parallel sentences extracted by our method.

WG RN, 59 FRFEEANEFEKIRE. (According to the forecast of the Bureau of

Chinese Statistics, the domestic economy grew rapidly in the first half of this year.)
. Theo bao cdo clia téng théng, nén kinh té dang phat trién nhanh chéng. (According to the report,
Vietnamese . : >
the economy is growing rapidly.)
Chinese XN A A% FW. (It rains frequently during this time.)
Vietnamese Thai gian nay sé mé ra mot vong mua. (There will be a round of rain during this time.)

6. Limitations

While the pseudo-parallel sentence pairs we extracted demonstrate strong semantic sim-
ilarity, they also contain a lot more noise compared to the parallel corpora used in traditional
machine translation. This noise can have a negative impact on translation accuracy and make
it challenging to achieve high-quality results. Therefore, it is crucial to take into account the
noise level when utilizing pseudo-parallel sentence pairs for machine translation.

7. Conclusions

We proposed a novel pseudo-parallel sentence extraction method. The traditional par-
allel sentence pair extraction task is typically text-based, limiting the available information
sources and ignoring the potential benefits of multimodal information. To address this
problem, we explored the integration of multimodal information (i.e., text and image) into
the attention-based transformer encoder architecture so that the model can focus on text
and image information together, rather than relying solely on pure text. We first extracted
visual features and incorporated them into the encoding procedure as one of the steps, en-
abling the model to pay attention to both text and image information simultaneously. Then,
we designed a simple and effective attention layer to fuse the visual and source sentence
representations and enrich the semantic representation of the sentence. Finally, we calcu-
lated the similarity between the source and target sentences using a prediction module,
which improves the sentence extraction performance of the Chinese-Vietnamese data pair.
The experimental results demonstrate that our method significantly improved the sentence
alignment ability for sentence pairs with substantial language differences. Although we
have only validated the method for Chinese—Vietnamese sentence pair extraction, we be-
lieve that the proposed method can be effectively applied to other low-resource languages
with significant differences, which can greatly benefit the development of machine trans-
lation for these languages.
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