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Study on Joint Generation of Bilingual Image Captions

ZHANG Kai, LI Jun-hui and ZHOU Guo-dong

School of Computer Science and Technology,Soochow University,Suzhou, Jiangsu 215006 , China

Abstract Most of the research on image caption is to generate a single language caption from an image,but in the context of the
convergence of languages in various countries,it is necessary to generate two languages or even multiple languages from one im-
age. Native speakers understand what other people say about the image,so this paper proposes an approach to generation of bilin-
gual image captions.i. e. »generating two captions in two languages for an image. The architecture consists of an encoder and two
decoders,in which the encoder uses convolutional neural network to extract image features while the decoders adopt Long Short-
Term Memory networks. Motivated by the fact that the two captions of an image are semantically equivalent, we propose a joint
model to generate bilingual image captions. Specifically,the two decoders generate image captions in alternative way.making the
decoding history information of two languages are both available to predict the next word. The experimental results based on the
MSCOCO2014 data set show that the joint generation of bilingual image caption can improve the performance of two languages at
the same time. Compared with the single language image caption performance in English,the BLEU_4 increases by 1. 0,CIDEr in-
creases by 0. 98 in Japanese. Compared with the Japanese single image caption generation performance,the BLEU_4 increases by
1. 0,CIDEr increases by 0. 31.

Keywords Bilingual image captions,Joint model. Alternative generation
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Fig. 1 Monolingual image caption generation model
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Fig. 2 Models on joint generation of bilingual image captions
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Table 1 Comparisons of our English image captioning approach and existing methods on MSCOCO Karpathy test split

Method CIDEr BLEU_4 BLEU 3 BLEU 2 BLEU_.l1 ROUGE_L METEOR SPICE

DeepVSLs! 0. 660 0.230 0.321 0. 450 0.625 — 0.195 —

Hard-attention - 0. 250 0. 357 0.504 0.718 — 0. 230 —

Adaptivel10] 1.085 0.332 0.439 0. 580 0.742 — 0. 257 —

SCST: Att2all-14) 1. 140 0.342 — — — 0.557 0.267 —
Up-Down: ResNet-1010151 1,054 0.334 — — 0.754 — 0.261 0.192
Our:baseline 1.048 0.338 0.447 0.558 0.752 0.550 0.263 0.190
Our:Both_joint 1. 146 0.348 0. 465 0.613 0.777 0.561 0.267 0.203
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Table 2 Experimental results of English image caption
Method CIDEr BLEU 4 BLEU_3 BLEU 2 BLEU_1 ROUGE_L METEOR SPICE
Baseline 1. 048 0.338 0.447 0.558 0.752 0. 550 0.263 0.190
Self_attentive 1.062 0.341 0.448 0.585 0.748 0.551 0. 260 0.192
Word_joint 1.115 0.343 0.450 0.588 0.751 0. 550 0.259 0.195
Hidden_joint 1.133 0. 347 0. 467 0.615 0.779 0.561 0.269 0.201
Both_joint 1. 146 0. 348 0.465 0.613 0.777 0.561 0.267 0.203

B SR AL 6 5% B 2 R
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Table 3 Experimental results of Japanese image caption

Method CIDEr BLEU_ 4 BLEU_3 BLEU_2 BLEU_1 ROUGE_L METEOR SPICE
Baseline 0.970 0. 388 0.491 0.615 0.759 0.579 0.309 0.274
Self_attentive 0.976 0.391 0.490 0.617 0.761 0.580 0.308 0.276
Word_joint 0.991 0.398 0.496 0.623 0.764 0.583 0.310 0. 280
Hidden_joint 0.997 0.397 0.496 0.621 0.765 0.582 0.298 0.279
Both_joint 1.001 0.398 0. 497 0.623 0.764 0.587 0.306 0.280

5.5 SKBISH

P05 5 1T TSR IR ] I A= T SR H SO AR A 25 2R
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Baseline:a group of people standing on top of
a beach
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Word_joint: a group of people walking across
a beach
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beach holding surfboards

Both_joint:a group of people walking across a

beach holding surfboards
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Both_joint: a dog is looking out the windows

of a car
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