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5.2.1 Imaginations Generate Images for Multi—-modal
Machine Translation[C] //International Conference on
Computer Engineering and Networks (EI U3%)

Imaginations Generate Images
for Multi-modal Machine Translation

XNiaona Yang!', Wenli Sun?, Wei Wei®™®!, Yinlin Li®, and Xiayang Shi®

; Zhengzhon University of Light Industry, Zhengzhon, China
2 Wuhan Second Ship Design and Research Institute, Wuhan, China
15307141325@163. cam
4 The State Key Laboratory for Management and Control of Complex Systems,
Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China

Abstract. Multi-modal machine translation (MMT) aims at exploring
better translation systems by integrating the visual annotation which
presents the content deseribed in the bilingual parallel sentence pair into
the conventional only-text neural machine translation (NMT). However,
existing methods heavily rely on the mannal annotated images data set.
The cost of manual image annotation is relatively high at this stage. In
this paper, we propose the generative imagination network with trans-
former to antomatically generate visual annotations semantic-equivalent
with souree and target sentences. The proposed model receives the inputs
of source-target bilingual sentences and generates visual annotations for
MMT. Experiments analysis demonstrate that our model can generate
high-quality annotated images and prompt the performance of MMT.
Additionally, we use our model to generate annotated images for a
famons English-German IWSLT-2015, the experimental results show the
improvement for MMT.

Keywords: Multi-modal machine translation « Visnal annotation

1 Introduction

Multi-modal machine translation (MMT) aims at exploring better transla-
tion systems by integrating the visual annotation which presents the content
described in the bilingual parallel sentence pair into the conventional only-text
neural machine translation (NMT). Many recent studies have already reported
the obvious improvements when equipping their NMT models with visnal anno-
tations [1-4].

Although many existing MMT methods can get an obvious improvement than
the conventional only-text NMT, those methods all rely on triplets of bilingual
sentence-image for training and tuples of source sentence-image for inference [5-
#]. It means that the advantage of MMT depends on the availability of data sets,
especially the quantity and quality of annotated images, to improve the guality
of translation. However, the data sets are still relatively small in several datasets
{C} The Aothor{s), under exclusive license to Springer Nature Singapore Pte Ltd. 2024

Y. Zhang et al. (Eds ): CENet 2023, LNEE 1126, pp. 120-128, 2024,
hbtps: f f doi.orgy 1L 1007 /978-08 1-99-9243-0_13
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sraph. Consequently. this may lead o gencrsted text luc

Eme st

o o
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TRODUCTION

Knowledge graphs i a graphical Foemat emi-
ployed for knowledge representation, wilizing graphs to store
warbous entities and th imterrelarionships. By transforming
real-world informarion o structured data, knowledge graphs
effectively organize and depict extensive knowledge. The
seneration of textual coment from knowledge graphs s a
piveaal direction within the data-to-text ficld. This task aims
o comvert information from koowledge graphs oo casily

under natural Ear text Comverting entities and
relationships from a knowledge sraph into natural language
semences can assist users in better comprehending and -

lizing the knowledge contained within the koowledge mraph.
The wility of KG-to-text generation transcends disciplinany
boundaries. finding applicarion in various domains, such as
question answering systems [ 1] and text summarization [2]

While pre-trained language models excel in texi generation
rmsks [3]. they stll face cerain challenges when dealing with
sraph-srructused data like knowledge mraphs. This arises from
the fact thar knowledge graphs cannot be directly wilized
as input for pre-trained models” taiming. The prevailing ap-
proach involves linearizing sdge mraphs Do text se-
quences G ar 1o pre-rained language models [4]. thus
effectively hamessing the models’ rich semantic knowledge.

To address this issue. we propose a movel spprosch thar
effectively incorporstes the graph information of a koowledge
graph with a pre-trained language model without altering
the model’s soructane. Enitially. we feed the raw data firom
the knowledge graph inmo a Graph Convohsional Meswosk
CGOND 1o obtain a graph-encoded representaon that contsins
rich mode information. Subsequently, we input the linearized
sequence of the knowledgze graph into 3 pre-trained language
model o fully leverage s rich semamnic information. This
approach enables us 10 establish associstions between entities
and relstionships from the knowledge graph and the context
et the pre-trained langusge model, thereby enhar
model’s understanding of text gencration tasks. Adfver
ing a muli-bead aneotion oechanism. we incorporste graph-
encoded information into the pre-trained model o address its
lack of structured information_ This incorpormtion enhances the
model’s ability o wilize knowledge graph-derived strscoacsl
insights for guiding the text generation process. The proposed
model achieves better results on two KG-to-text datascts_

RELATED WoORK

KG-to-Text ane reseanch directbon in the Dhata-
to-Texr domain. Early soodies primarily employed nearal ner-
weorks to process the wiples within know ledge graphs. aiming
o A gexe bon  [5]. However, duse to
limitations in model structure, these approsches resubied in
subpar text generation guality. In recent years, with scholars
delving deeper inio graph research. graph neural petworks
have beoen hamessed o better captare the structured informa-
tion within knowledge graphs [6]. Some smdies [7lsugzest
that wusing graph neural pevwork encoders cen yield superios
zeneration resulis compared to traditional encoders. Further-
muore.
it"s possible to effectively sorengihen the model’s al v
scquire graph-structured information. However, these meth-
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