201 4 * H JOURNAL OF CHINESE INFORMATION PROCESSING krx o, 201%

XE#S: 1003-0077 (2017) 00-0000-00

RMAEEENXEEGREHRR
fERME 177 DR 2" g 30 RIE 4 KEEE AE 6

(1. FERZFRAHUHRA BXRIERELSILEE, LR 100190;
2. PEIMZERAF ALEREFMR, LR 100049;
3. JLIE AT ke AP RLBERFZBRAF, LR 100190)

WE: LARGRMEEEAFSAERBRPORBETIAMERDFES. LARERMERALAF WM IR IOE
# F 7598 % (Optical Character Recognition, OCR) #=#L % #13% (Machine Translation, MT) A2 2 548 sk . OCR 42 A 44 T
ABRIRAREBFLR, MTHRASHEZILAMERBDIFEST. BT OCREAHZTIALFAESRE, @ MT B AR #
AR, LABBHERGRABT Rt LAMBHER L. AEMEFLAFRGPA, EHENEMEL
ZRAATAM T & 1) AERNAREE LA, UENOCR # FarkeygF; 2) AR TH L AFfgF LR LE T,
BB L AF T ARG, KFEBUATEA: 1) LAk A OCREAGERERE, Kit%E OCR A MT #
GO A R ERE; 2) RRASRSEE, RAE— TEREFRRALA, 3) CRA G TREGRLEETLRX, &
vk R A A AT AR . AR LR FM, ZARE —HREEFEFLNLABRREIETE, AoARNERL
AFHENFHMBOBEESHFEENFNGERERE, HAFALARREIEFR LT 69 0CR R A oL B8 FEA =
& A RRA, BB 4T3t OCR 48 X LA MR B 45 &, R0t — AP AL 4Rk A9 Ttb R S B U A, RAB A MR,
KA, IRGZEEFTEFERAREFT LABRIFELS LK TAANEEXRAREG L R,

XEIR: BEE: LARGHE: SHMEASNEME

+ B %X5: TP391 XEFRIRE: A

Research of Incorporating Confidence information into Text Image Translation

Wu linghui!?, Ma Cong!?, Han Xu', Zhao Yang!? ,Zhang Yaping'? ,Zhou Yu'??

(1. National Laboratory of Pattern Recognition, Institute of Automation, Chinese Academy of Sciences, Beijing
100190, China; 2. School of Artificial Intelligence, University of China Academy of Sciences, Beijing 100049,
China;3. Fanyu Al Research, Beijing Fanyu Technology Ltd. Beijing 100190, China)

Abstract : Text image machine translation aims to translate the source language embedded in images into the target language.
The text image translation system is usually cascaded by optical character recognition (OCR) and machine translation (MT)
models. The OCR model recognizes the text image into a transcribed text, and then the MT model translates the transcribed text
into the target language. As there are errors in the transcribed text from OCR model and the NMT model is vulnerable to the
errors in source transcribed texts from the OCR model, the performance of the text image translation system is far inferior to
the text machine translation system. In order to alleviate the problems, the research of robust machine translation mainly adopts
the following two methods: 1) using synthetic noise text to simulate the noise caused by OCR transcription; 2) using the contrast
learning of clean text and noisy text to narrow the distribution of noisy text and clean text. However, there are two drawbacks

in prior work: 1) ignoring confidences information from the OCR model and failing to consider the effective integration of OCR
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and MT systems; 2) only using synthetic noise, which cannot cover the actual noise type; 3) using the coarse-grained contrastive

loss of sentence granularity, ignoring the contrastive information of fine-grained words. To address these issues, we propose a

method to incorporate confidence information into text image translation which bridges the gap by reusing the ignored proba-

bility distribution of character in OCR to generate confidence for each token. Furthermore, in view of the characteristics of

OCR recognition errors, we tailor a supervised text to provide contrastive information with word granularity to improve the

systems’ performance. Experimental results on Chinese-English and English-Chinese translation tasks demonstrate that our

approach achieves significant improvements over the conventional pipeline methods.
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tion, CTC) AT . Shi 2 ABUFI Cheng %5 A\
(32042 B T3 = ST L RS 77 7% - Baek 55 A\ 2]
ST AR, 32— A3 — B AR R B HESE .
Qian %5 N\ B3I H H A HAE A5 B35 B AL gk 47
AN . Fang 55 NI B 5] NG 5 B8R4
FHRABR . A TAEEE Baek %5 NP1
AR N A SCHT OCR A, (AR S Fr 2 H 11
J7 AR ] DL 2 HAth 1) OCR BRI,

2) BEMEMAVLERIE. AL R
T 77 Mg SO A B BB B H 28 32 B ORI S
Belinkov ¢ AR Karpukhin 25 A\ U435 R H &

R 7R R AR SR TR B K S M M . Cheng %5
U1, Ebrahimi 25 A[16], Cheng %5 A\ U7 HY 7 1]
) & AR NP B Sk B B A B X PRE A DL TR
R EarEt . Xue 25 ANUSHE R HHE& 15 B AR
TR B LE A A1 R R SR BB
Michel &5 A\ B4%E H — 2 B T VFA5 HLA8 51 13 6
PERVEHE AR, H G BOHE A v i e R SO AR IR T
Be, T dE OCR AL, 55 AN M TAEARFE K2,
A SCAS TR ] B 1) 38 G B S A M 7S SR ) T PR
Ao B SCARBG R RAT S R i, AR SR A
F B AS WG BRI M S (W 2, 8] B X
OCR % 35 SCAR I 75 [P 5, 0T 2000E B 1 452 2K bRy
¥, HMIRTFEEAIE OCR ¥ 0A Ff &k,

3) EEEE. TEAGHENEREFHREZM T
E« Rikters 55 NS¢ R R S0 AN =
BASE RIS . Wang 25 A B AR 7Y R R 1 5
PESRAE N & B G E K . Kim 58 AP —
Tl 79 o9 B (1) Ao 228 IO 28 A1k T A% 28 Sfe Al A8 2R 1) i L
B . ST AW TAEARR, A0 A 2R H
OCR 85 H INER A R T B AG B, Rk K
REELZMNEEEEETIE.

4) OCR JBRIE. 1T OCR (Mg 7= %F K i
{45 PEREE R KR, OCR J& 1 1 tH Ok i
ZF|EA . Tong 2 ANB81, Kolak 25 \BOF|H 4t it
B S B AROR BT IE . T A A AN/ ) 42
2510 TAE, Nastase 55 A B0 H R 7 51 215 511
FERSR AT M . Neudecker 55 NP H P [ Bt
(775K A 53T OCR JEREIE. 7B S92
H, AT Pycorrect® AT X bl o 31X A2 25 8 2 H S
fai 5, [ERFEBLSE 2 A

AR SO A B R R R S5, SRRk
AEGEIERSG M OCR M MT #8147 24 il
o IR OCR et SCAS B W75 i i, 0T fiE
S BT RE B2 B0 EUAS R B SOA, R TR
BE. SEUGRET, Pt iikde b oe AL JE b SCA A
BEIPEAE S BB TSR ETE AR, BT
&R T .



SE 30K

[1]

[2

(3]

(4]

[5]

(6]

[7]

(8]

[l

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Watanabe Y, Okada Y, Kim Y B, et al. Translation
camera[C]//Proceedings. Fourteenth International
Conference on Pattern Recognition (Cat. No.
98EX170). IEEE, 1998, 1: 613-617.

Yang J, Chen X, Zhang J, et al. Automatic
detection and translation of text from natural
scenes[C]//2002 IEEE International conference on
acoustics, speech, and signal processing. IEEE,
2002, 2: 11-2101-11-2104.

Hinami R, Ishiwatari S, Yasuda K, et al. Towards
fully automated manga translation[C]//Proceedings
of the AAAI Conference on Artificial Intelligence.
2021, 35(14): 12998-13008.

He P, Huang W, Qiao Y, et al. Reading scene text
in deep convolutional sequences[C]// Proceedings
of the AAAI Conference on Artificial Intelligence.
2016: 3501-3508

Shi B, Bai X, Yao C. An end-to-end trainable
neural network for image-based sequence
recognition and its application to scene text
recognition[J]. IEEE transactions on pattern
analysis and machine intelligence, 2016, 39(11):
2298-2304.

Fang S, Xie H, Wang Y, et al. Read like humans:
autonomous, bidirectional and iterative language
modeling for scene text
recognition[C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern
Recognition. 2021: 7098-7107.

Cho K, Van Merriénboer B, Gulcehre C, et al.
Learning phrase representations using RNN
encoder-decoder for statistical machine
translation[J]. arXiv preprint arXiv:1406.1078,
2014.

Bahdanau D, Cho K, Bengio Y. Neural machine
translation by jointly learning to align and
translate[J]. arXiv preprint arXiv:1409.0473, 2014.
Gehring J, Auli M, Grangier D, et al. Convolutional
sequence to sequence learning[C]//International
Conference on Machine Learning. PMLR, 2017:
1243-1252.

Vaswani A, Shazeer N, Parmar N, et al. Attention
is all you need[C]//Advances in neural information
processing systems. 2017: 5998-6008.

Szegedy C, Zaremba W, Sutskever I, et al.
Intriguing properties of neural networks[C]//2nd
International Conference on Learning
Representations, ICLR 2014. 2014.

Goodfellow I J, Shlens J, Szegedy C.

Explaining and harnessing adversarial examples
[J]. stat, 2015, 1050: 20.

Belinkov Y, Bisk Y. Synthetic and natural noise
both break neural machine translation[J]. arXiv
preprint arXiv:1711.02173, 2017.

Karpukhin V, Levy O, Eisenstein J, et al. Training
on synthetic noise improves robustness to natural
noise in machine translation[J]. W-NUT 2019,
2019: 42.

Cheng Y, Tu Z, Meng F, et al. Towards robust
neural machine translation[C]//Proceedings of the
56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long
Papers). 2018: 1756-1766.

Ebrahimi J, Lowd D, Dou D. On adversarial
examples for character-level neural machine

i mEES: MABRENXAEGEIFNAR

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

translation[C]//Proceedings of the 27th
International Conference on Computational
Linguistics. 2018: 653-663.

Cheng Y, Jiang L, Macherey W. Robust neural
machine translation with doubly adversarial
inputs[C]//Proceedings of the 57th Annual Meeting
of the Association for Computational Linguistics.
2019: 4324-4333.

Xue H, Feng Y, Gu S, et al. Robust neural machine
translation with ASR errors[C]//Proceedings of the
First Workshop on Automatic Simultaneous
Translation. 2020: 15-23.

Liu H, Ma M, Huang L, et al. Robust neural
machine translation with joint textual and phonetic
embedding[C]//Proceedings of the 57th Annual
Meeting of the Association for Computational
Linguistics. 2019: 3044-3049.

Sennrich R, Haddow B, Birch A. Neural machine
translation of rare words with subword
units[C]//Proceedings of the 54th Annual Meeting
of the Association for Computational Linguistics
(Volume 1: Long Papers). 2016: 1715-1725.
Jaderberg M, Simonyan K, Vedaldi A, et al.
Synthetic data and artificial neural networks for
natural scene text recognition[J]. arXiv preprint
arXiv:1406.2227, 2014.

Gupta A, Vedaldi A, Zisserman A. Synthetic data
for text localisation in natural
images[C]//Proceedings of the IEEE conference on
computer vision and pattern recognition. 2016:
2315-2324.

Papineni K, Roukos S, Ward T, et al. Bleu: a
method for automatic evaluation of machine
translation[C]//Proceedings of the 40th annual
meeting of the Association for Computational
Linguistics. 2002: 311-318.

Sueiras J, Ruiz V, Sanchez A, et al. Offline
continuous handwriting recognition using sequence
to sequence neural networks[J]. Neurocomputing,
2018, 289: 119-128.

Baek J, Kim G, Lee J, et al. What is wrong with
scene text recognition model comparisons? dataset
and model analysis[C]//Proceedings of the
IEEE/CVF International Conference on Computer
Vision. 2019: 4715-4723.

Wang X, Pham H, Dai Z, et al. SwitchOut: an
efficient data augmentation algorithm for neural
machine translation[C]//Proceedings of the 2018
Conference on Empirical Methods in Natural
Language Processing. 2018: 856-861.

Miyato T, Dai A M, Goodfellow | et al. Adversarial
training methods for semi-supervised text
classification[J]. 2017(2015): 1-10.

Amrhein C, Clematide S. Supervised OCR error
detection and correction using statistical and neural
machine translation methods[J]. Journal for
Language Technology and Computational
Linguistics (JLCL), 2018, 33(1): 49-76.

Su B, Lu S. Accurate recognition of words in
scenes without character segmentation using
recurrent neural network[J]. Pattern Recognition,
2017, 63: 397-405.

Graves A, Fernéndez S, Gomez F, et al.
Connectionist temporal classification: labelling
unsegmented sequence data with recurrent neural
networks[C]//Proceedings of the 23rd international
conference on Machine learning. 2006: 369-376.
Shi B, Wang X, Lyu P, et al. Robust scene text



10

PXERF

]

E

[32]

[33]

[34]

[35]

(36]

[37]

(38]

[39]

[40]

[41]

recognition with automatic rectification[C]//Pro-
ceedings of the IEEE conference on computer vi-
sion and pattern recognition. 2016: 4168-4176.
Cheng Z, Bai F, Xu Y, et al. Focusing attention: to-
wards accurate text recognition in natural im-
ages[C]//Proceedings of the IEEE international
conference on computer vision. 2017: 5076-5084.
Qiao Z, Zhou Y, Yang D, et al. Seed: Semantics en-
hanced encoder-decoder framework for scene text
recognition[C]//Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recogni-
tion. 2020: 13528-13537.

Michel P, Neubig G. MTNT: A testbed for machine
translation of noisy text[C]//Proceedings of the
2018 Conference on Empirical Methods in Natural
Language Processing. 2018: 543-553.

Rikters M, Fishel M. Confidence through atten-
tion[J]. arXiv preprint arXiv:1710.03743, 2017.
Wang S, Liu Y, Wang C, et al. Improving back-
translation with uncertainty-based confidence
estimation[C]//Proceedings of the 2019 Conference
on Empirical Methods in Natural Language
Processing and the 9th International Joint
Conference on Natural Language Processing
(EMNLP-IJCNLP). 2019: 791-802.

Kim H, Lee J H, Na S H. Predictor-estimator using
multilevel task learning with stack propagation for
neural quality estimation[C]//Proceedings of the
Second Conference on Machine Translation. 2017:
562-568.

TONG X. A statistical approach to automatic OCR
error correction in context[C]//Proceedings of the
Fourth Workshop on Very Large Corpora, 1996,
Copenhagen, Denmark. 1996: 88-100.

Park Y A, Levy R. Automated whole sentence
grammar correction using a noisy channel
model[C]//Proceedings of the 49th Annual Meeting
of the Association for Computational Linguistics:
Human Language Technologies. 2011: 934-944.
Nastase V, Hitschler J. Correction of OCR word
segmentation errors in articles from the ACL col-
lection through neural machine translation meth-
ods[C]//Proceedings of the Eleventh International
Conference on Language Resources and Evaluation
(LREC 2018). 2018: 706-711

Schaefer R, Neudecker C. A two-step approach for
automatic OCR post-correction[C]//Proceedings of
the The 4th Joint SIGHUM Workshop on Computa-
tional Linguistics for Cultural Heritage, Social Sci-
ences, Humanities and Literature. 2020: 52-57.

HENE (1996—), TRELHFFiA, 4, Wl
LRF A, FEF RSN HREE b
FIMLAS B3

E-mail: linghui.wu@nlpr.ia.ac.cn

O (HWEF—), BEWR%E, 4%, £
EMRGEABRIES MBI FEEIT.

E-mail: cong.ma@nlpr.ia.ac.cn

JE GRAESE—, @EFEE, B, #H5
b1, EEHHRGEOY AR EF A E AL

E-mail: yzhou@nlpr.ia.ac.



