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Abstract

Scientific literature often contains abbreviated terms in English for brief. Machine translation
(MT) systems can help to share knowledge in different languages among researchers. Current MT
systems may translate the same abbreviated term in different sentences into different target terms.
MT systems translate the abbreviated term in two ways: one is to use translation of the full name, the
other is to use the abbreviated term directly. Abbreviated terms may be ambiguous and polysemous,
and MT systems do not have an explicit strategy to decide which way to use without context informa-
tion. To get the consistent translation for abbreviated terms in scientific literature, this paper propo-
ses a translation model for abbreviated terms that integrates context information to get consistent
translation of abbreviated terms. The context information includes the positions of abbreviated term
and domain attributes of scientific literature. The first abbreviated term is translated in full name
while the latter ones of the same abbreviated term will show the abbreviated form in the translation
text. Experiments of translation from Chinese to English show the effectiveness of the proposed trans-
lation model.
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0 Introduction

Scientific literature is the carrier for recording pro-
duction practice and scientific experiment. Foreign sci-
entific literature is an important resource to analyze the
technical trends and latest developments in foreign
countries. Scientific literature exists in different forms,
such as scientific papers, patents, scientific reports,
etc. It is inefficient to rely solely on manual transla-
tion, however, high-quality machine translation ( MT)
system can help rapidly acquire foreign scientific infor-
mation.

Scientific literature usually contains many abbrevi-
ated terms that are composed of multiple words and of-
ten shown as abbreviations. It is concise and conven-
ient for abbreviated terms to economically express ide-
as, diffuse knowledge and transmit information. When
a scientific document is input into a MT system, it is
segmented into sentences, which are then translated
one by one and combined to get the final translation.
Thus, the translation system has two methods for the

abbreviated terms in each sentence in the text: the first
method is direct translation, which means that the ab-
breviated terms are directly shown in the translation;
the second method is the restitution translation, which
chooses the full name of the abbreviated term as its
translation. However, abbreviated terms are generally
ambiguous and polysemous. For instance, the abbrevi-
ated term ‘ AST’ has multiple full names, such as
¢ amorphous-silicon TFT’, * Average Seek Time’
¢ Asynchronous Shared Terminal’ , ‘ Atomized Suspen-
sion Technique’ and ‘ Abstract Syntax Tree’ . Transla-
tion system does not have an explicit strategy to decide
which translation method to use, direct translation or
reduction translation. It also has no enough knowledge
to choose which full name is the correct restitution
translation. Without the context information and do-
main attributes of the abbreviated term, MT system
may not produce translation correctly or even lead to
domain inconsistency.

This paper proposes a translation model for abbre-
viated terms that integrate context information to get

consistent translation of abbreviated terms. Context in-
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formation includes the positions of abbreviated term and
domain attributes of scientific literature. The first ab-
breviated term in the text is translated in full name,
while the latter ones of the same abbreviated term will
show the abbreviated term in the translation text. Do-
main attributes use Chinese Library Classification
(CLC) number to ensure that its restitution translation
is consistent with the domain attributes of the sentence
or the chapter, thereby improving the translation of the
chapter. The model consists of four parts. Firstly, a
domain polysemous dictionary of abbreviated terms is
constructed in which an abbreviated term has its full
names and CLC numbers. Secondly, the dictionary is
used to find each abbreviated term in the chapter to be
translated, and replace them with specific serial num-
ber labels to get labeled chapter. At the same time,
context information is generated to record the position
information of each abbreviation label in the chapter.
A pre-trained MT system translates the labeled chapter
sentence by sentence to get the initial translation. All
the full names of abbreviated terms labeled in the chap-
ter are obtained by searching the dictionary, and those
full names whose CLC number is consistent with the lit-
erature are used as candidate full name translations.
Each label is replaced with the candidate full name
translations respectively to obtain candidate chapter
translations. Finally, long-short term memory ( LSTM)
language model is used to help select the best transla-
tion of the abbreviated term.

The rest of this paper is organized as follows: Sec-
tion 1 presents the related work; Section 2 gives the
construction method of domain polysemous dictionary of
abbreviated terms; Section 3 details each steps of the
model; Section 4 is experimental verification, and fi-
nally conclusions are obtained in Section 5.

1 Related work

In ‘The New Oxford Dictionary of English’, an
acronym is defined as a word formed from the initial
letters of the several words in the name, and it is a
simplified phenomenon in language'''. Longer words or
more complex phrases are often abbreviated into several
capital letters to keep the original meaning and easier
expression.

Acronyms have the characteristics of conciseness,
ambiguity, irregularity and instability'”’. They are
concise for communication, writing and memory due to
the reduction of syllables. The remaining letters in ac-
ronyms are not closely related in its sound, form and
meaning. The creating habits vary from person to per-
son, which leads to its ambiguity and informality. In-

stability means that acronyms are often affected by its
use frequency and change rapidly over time.
According to the application scenario, acronyms
can be divided into two categories: daily acronyms and
technical acronyms. Daily acronyms are used for daily
conversation, reading and writing, such as ‘ Ms’
(Miss, Ms. ), ‘Mon’ (Monday), ‘No’ (number),
etc. Such acronyms have functions of ellipsis, euphe-

3] Technical acronyms are

mism, humor and emotion
used to describe technology-related information, such
as ‘ACU’ (antenna control unit) , ‘ALS’ (amyotro-
phic lateral sclerosis), ‘RTILs’ (room temperature
ionic liquids ), etc. Technical acronyms cannot only
convey scientific information, but is also simple to
write, and save writing space. Therefore, researchers
who tend to use technical acronyms are increasing dra-
matically, as well as some journalists and magazine’ s
editors declare the principles of using acronyms in pa-
pers*). This paper pays the best attention to technical
acronyms, which specifically refer to abbreviated terms
in the scientific literature whose full names are techni-
cal terms.

According to the word building method, abbrevia-
ted terms can be divided into 10 types: (1) by the
first letter of some words, such as ‘ ABS’ (antilock
braking system ), ‘HSF’ (heat shock transcription
(2) By the beginning letters of the
words, such as * MUSIC’ ( multiple signal classifica-
tion) , ‘ID’ (identification), etc. (3) By the letters
inside the words, such as ‘ GNAT’ ( GenS-related
N-acetyltransferase) , “ DNA °  ( deoxyribonucleic
acid) , etc. (4) By the letters at the beginning and
‘Dr.” (doctor), ‘Rd’

(road), etc. (5) Generated after abbreviating some

factor) , etc.

end of the words, such as

words, such as ¢ NF-kappaB’ ( nuclear factor-kappa
B), e-mail (electronic mail) , etc. (6) Generated af-
ter cutting the head or tail, sometimes with some mor-
phological changes, such as ‘plane’ ( aeroplane ),
‘chute’ (parachute), ‘Feb.’ (February) ‘Dorm’
(dormitory) , ‘flu’ (influenza), °frig’ ( refrigera-
(7) Generated from
keywords in truncated phrases, such as ‘Med’ ( Medi-
terranean Sea), ‘Pop’ (popular music) , etc. (8)
concatenation of partial letters from the words, such as

tor), ‘biz’ (business), etc.

‘brunch’ (breakfast + lunch) , ‘telecast’ (television
+ broadcast) , etc. (9) Digital abbreviations, such as
‘C4ISR’ ( command, control, communication, com-
puter, intelligence, survival, reconnaissance ), etc.
(10) else. There is no specific rules for the type,
such as “ ADRB2’ (beta 2 adrenergic receptor).

[5]

Abbreviated terms are also terms There are

two cases when MT system translates terms. One is to
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translate only terms. At this time, it is not necessary to
consider the context information of the source language
in which the terms are located. The other one is to
translate the terms in the context of the sentence or
chapter. In order to improve sentence translation,
terms translation needs to consider their sentence con-
text. This paper focuses on the second case.
Nowadays, the most popular MT methods are sta-
tistical MT ( SMT)"**! and neural MT (NMT) """,
Both need to be trained on parallel corpora and then
batch translation can be performed. When SMT pre-
vailed, term translation was a very difficult problem.
Document-topic distribution information of bilingual
parallel corpora was learned as the domain information
and a consistent calculation method was embedded as a
feature in SMT!"*). The topic was tacit and had no ex-
plicit label, so the domain consistency of term transla-
tion cannot be well guaranteed. Wikipedia is a vocabu-
lary resource to automatically identify bilingual terms
and was integrated into SMT'"*. But Wikipedia meth-
od did not utilize the domain information of the terms.
Ref. [ 14 ] proposed a combining method of a term da-
tabase and a word inflection sdatabase. Since the term
database is provided by the user, the method has weak
generalization ability. Domain-specific term database
was also put into the training corpus to train translation

model "’ .

Whenever the term is updated the model
needs to be restrained. So the cost is relatively high.
Compared with SMT, NMT improves the fluency of
translation results. However, its vocabulary size is lim-
ited and it does not improve the terms translation to the
same extent. Ref. [ 16] proposed a method using SMT
phrase table as a supplement, replacing terms, transla-
ting and restoring them. The detailed steps of this
method are; (1) Construct a bilingual term database to
identify the terms in the source language of the parallel
corpus and the test set, and replace the terms with ser-
ial number tags; (2) Train the translation model T with
tagged parallel corpus; (3) Use translation model I to
translate the tagged test set to get translation 1; (4)
Query the bilingual term database to find the translation
2 of the tagged terms in the test set 2; (5) Combine
translation 1 and translation 2 to get the final transla-
tion. This method expands vocabulary of NMT, but
does not use domain information. Manual terminology

. 17,18
constralnts[ 181

were provided to NMT with term trans-
lations that were more in line with users’ needs. This
method requires manual interaction, and it is more dif-
ficult for non-specialists to obtain accurate and consist-
ent terms.

When MT system translates chapter-level scientific

literature , they usually segment each chapter into sen-

tences firstly, then translate sentences and abbreviated
terms inside, finally combine the sentence translations
to obtain chapter translations. Therefore, the transla-
tion system has two main translation methods for abbre-
viated terms, direct translation and reduction transla-
tion. Abbreviated terms are often ambiguous and have
multiple full names. Regardless of whether it is transla-
ted directly or reductively, the system does not consid-
er the chapter context information and domain attrib-
utes, which leads to inconsistent problem. When terms
or abbreviations are translated in the context of a sen-
tence, it is necessary to consider context information in
order to facilitate the translation of terms and abbrevia-
tions, thereby improving the translation of sentences
and chapters.

This study is similar to Ref. [ 16 ] * s method in re-
placing terms, translating and restoring. The differ-
ences are: 1) The proposed method focuses on abbre-
viated terms. This paper introduces context information
and domain attributes of abbreviated terms to help MT
system to choose more correct and consistent transla-
tion. 2) The LSTM language model is employed to
make the translation more fluent.

2 Construction of domain polysemous ab-
breviated terms dictionary

A general dictionary of abbreviated terms usually
contains abbreviated terms and their full names, as
shown in Table 1.

Table 1  An example of a general dictionary of abbreviated term
Abbreviated term Full name
MPPT maximum power point tracking
MRF Markov random field
MSC mesenchymal stem cells
NAR nitrite accumulation rate

Researchers developed automated methods to col-
lect such abbreviated terms dictionaries. Word forma-
tion of abbreviated terms were classified and rules were
designed to identify the abbreviated terms''. The ab-
breviated terms combined with some auxiliary words
such as ‘abbreviation’ and ‘stands for’ formed a list
of query words to retrieve web pages to exiract candi-
date phrases, match their full names and finally obtain
the full name with an accuracy rate of 90% . Ref. [20 ]
proposed a scanning method of reverse order scanning
abbreviated terms and their full name. For standard
abbreviation forms, they comprehensively consider the
length, frequency, and inverse word frequency of the
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candidate full name. Exiraction formulas are designed
and the overall accuracy is as high as 96% , and the
recall rate reaches 97% .

This paper mainly focuses on Chinese-English
translation and how to correct English translation of
English abbreviated terms in Chinese chapter. There-
fore, based on Ref. [20]’ s extraction method, a do-
main dictionary of abbreviated terms was built from net-
work data and ascientific paper knowledge base. The
construction of the dictionary includes three parts: (1)

(2) Collection of
their full names: reverse order fast scanning collection

Recognition of abbreviated terms;

method, the co-occurrence analysis collection method
and the network resource method are used here; (3)
Collection of their corresponding CLC numbers.

2.1 Recognition of abbreviated terms

Chinese scientific papers usually include Chinese
titles, English titles, English ab-
stracts, Chinese keywords, English keywords, and
CLC number.

and their full names exist mainly in the form of ‘ full

Chinese abstracts,

In scientific papers, abbreviated terms

names ( abbreviated terms)’ or ‘ abbreviated terms
(full names)’. The contents in the parentheses are
generally abbreviated terms, but some scholars will add

’ 3 ’ 3 3

comments in the parentheses such as |7, *. g
¢ Adaptive Pulse Code Modulation ( APCM
This is adaptive pulse)’

such as
; At the same time, some ab-
breviated terms also contain “,” such as “3,4-DCBN”
(3,4-dichlorobenzonitrile ) and “2,3-BD” (2, 3-bu-
tanediol ). Therefore, the recognition process of abbre-
viated terms is to first segment text into sentences, then
recognize the strings in parentheses. There are three
(1) if there is no
in the string, the string is directly

types of strings in the parentheses:

¢« ¢ «
.
9 9 . or H

extracted into the abbreviated terms set. (2) if there is
‘.7 or ‘3’ in the string, the string is split into two

’

and the first part is extracted into
(3) If there is “,’, first
determine whether the two sides of *
If so, go to (1), otherwise to (2).

parts by ‘.7 or ‘;
the abbreviated terms set.

’
,’ are numbers.

2.2 Collection of full names

For each abbreviated term in the abbreviated
terms set, three methods are used to obtain their full
names; reverse order scanning method, co-occurrence
analysis method and network resource method.

Each sentences including abbreviated terms in sci-
entific papers are reversely scanned from right to left,
and its full name must satisfy three conditions. Firstly,
the full name must be longer than the abbreviated
term; secondly, the first letter of the full name must

match first letter of the abbreviated term; and finally,
the matching letters of the full name must be in the
In Fig. 1

are recog-

same order with abbreviated term as Fig. 1.
after the abbreviated term ‘RNN’ and ‘ (’
nized, the text before ‘( ’ is scanned from right to
left, first matching the letter ‘N’ of position sl ( the
last letter in the word ‘RNN’ ) with letter ‘N’ of po-
sition 1 (the first letter in the word ‘ network’ ), then
the letter ‘N’ of position s2 (the last but one letter in
the word ‘RNN’ ) with letter ‘N’ of position 2 (the
first letter in the word ‘ Neural’ ). For the letter ‘R’
of position s3 (the first letter in the word ‘RNN’ ),
the letter ‘r’ at position 3 or 4 is not the first letter of
the word ‘ Recurrent’, thus, scanning is continued
until position 5, which matches the first letter ‘R’ of
“RNN’. All the matched words form the full name of
the abbreviated term ‘ RNN’ and are included in the
abbreviated term dictionary.

Text

Recurrent neural network (RNN)

TT T T LI

- Scanning direction

Fig.1 Reverse order scanning matching

Co-occurrence analysis method is based on the co-
occurrence frequency of abbreviated term and their full
names in the text. The higher the frequency is, the
bigger their matching degree becomes. Similar to the
TF x IDF method, the frequency, length, and inverse
word frequency of the candidate full name are used as
features in the score to measure the importance of can-

didate full name.

Score(s) = [freq(s) — ZZen(t) x 1] x ISF

tels

()

T = freq(t)/freq(Ts) (2)

ISF = log[ freq(Ts)/freq(s) +0.01] (3)
where, s is a candidate full name of abbreviated term
t, len(t) represents the length of ¢, freq(s) represents
the co-occurrence frequency of candidate full name s
and abbreviated term ¢, Ts is a nested set of candidate
full names which is related to s and include s and all its
predecessors,, freq( Ts) represents the total occurrence
frequency of all the full names in Ts, 7 represents the
probability of the occurrence of the nested term ¢, ISF
is the inverse word frequency, 0. 01 is the adjustment
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coefficient. Those with the highest score in Eq. (1) is
chosen as full name of the abbreviated term of .

In the network resource method, this work looks
up the abbreviation module on the website ( hitps://
abbr. dict. en/) , and extracts full names for each ab-
breviated term.

All the abbreviated terms and their full names ob-
tained from three methods above are combined and re-
moved duplication.

2.3 Collection of domain attributes

After retrieving all the full names to each abbrevi-
ated term in the scientific paper database automatical-
ly, CLC number of the paper containing the full name
is collected as the domain attributes to construct the
domain polysemous abbreviated terms dictionary. It
can be seen from Table 2 that each abbreviated term
has multiple full names and each full name has several
CLC numbers to represent its domain attributes.

Table 2 The domain polysemous abbreviated terms dictionary

Abbrevisted Full name Domain information
term
American D,G,0,P,Q,R,S,TB,TD,TE,
ABS Broadcasting ~ TF, TG, TH, TJ, TK, TL, TM,
System TN,TP,TQ,TS,TU,U,V,X
Antilock  D,E,F,G,H,N,O,R,S,TD,
ABS Braking TE, TF, TH, TJ, TM, TN, TP,
System TQ,TS;U, VX
Acrylonitrile
ABS Butadiene F,G,H,0,TB,TP,TQ,U,X
Styrene
Alkyl D,F,G,1,0,Q,R,S,TB,TD,
ABS Benzene  TE,TG,TH,TK, TQ, TS, TU,
Sulfonate U,X,Z
Bavesi €DK, F G, H N, 0,P,Q; R,
BMA iqye(j"i" S,TB,TD,TE, TG, TH, TJ, TK,
oce T™,TN, TP, TQ,TU,TV,U,V,
Averaging
X,Z
British
BMA Medical H,0,Q,TE,TN,TP,TQ
Association
— MB:OEF E,G,0,P,R,S,TD, TE, TG,
aemig 1y Ty, TN,TP,U,V
Algorithm

3 The proposed model

The proposed abbreviated term translation model
integrates chapter context information and domain at-
tributes into a MT system. The flowchart is shown in

Fig.2. When a translation system translates chapter-
level scientific literature, it usually segments the chap-
ter into sentences, then translates each sentence one by
one, and then combines the translation of each sen-
tence to get the chapter translation. This process is
shown in the left part of Fig.2. This model adds the
recognition of abbreviated term, records context infor-
mation, labels abbreviated term before sentence trans-
lation, then uses domain atiributes and LSTM language
model to help choose the best full name as abbreviated
term translation, finally combines the improved sen-
tence translation results to get chapter translation.

Sentence _____,_-—.I Recognize abbreviated terms l

segmentation l

I Record context information I
v *

Senten;e ‘___.—-I Label abbreviated terms |
translation —\’

1 I Choose domain information |

j
l \l LSTM choos

e terms translation I

/
Chapter - By
translation

Fig.2 The flowchart of the proposed model

After a Chinese chapter to be translated ( Fig. 3)
is first segmented into sentences according to ‘.’ , the
sentences are numbered as shown in Table 3. Each
sentence is recorded with label replacement number
and the initial value of the label replacement number is
set as 0.

TR T AR ] S A A e T ] 52 EULT e ik LT U BF,
JF B BF (4580 5 Ao A7 TAR A BE N T 5, HE—20 4
REEEREIEERT . S5 AT AT, RILET T AR A0 O PR
RE R, PONBKEPS BER— N ZHPRG . LREF#,
KIULBFHAIMLAIEPS 4H5%, EPSHEHNSNER. £HE. MM
KEEYIT, ZHEh B LR A S

Fig.3 The chapter to be translated

3.1 Recognize abbreviated terms

Here some rules are designed to recognize the ab-
breviated terms in each sentence and get the set of ab-
breviated terms for the chapter. Recognition rule for
abbreviated terms uses Python regular expression;
“pattern =re. compile( ‘[AZ] + [az] * [ — ] = [ + ]
*[09] « [AZ] * [09] = *)”. Each abbreviated
term in the set is searched in the domain polysemous
abbreviated terms dictionary to obtain its full names
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Table 3 Sentence segmentation

and their domain attributes, as shown in Table 4. The

Label CLC numbers and their names are shown in Table 5.
Sent. id Sentence replacement
number Table 4 Full names and domain information
PO T AR T TE [ 5 Ak % 2 A T Abl:reVIated Full names Domain attributes
HhR] [ E 227 4344 IR BE, IF erms
1 JE& BF W25 5 41 L5y B TAE 2 0 extracellular
BF 0 T & e, i — b 42 5 K 1% EPS polymeric Q;R;TB;TQ;TU;X
PERE LA substances
ST BT, K BN T R Biofilin F;G; 05 P; Q; R; §; TB; TG;
) REMGEE RE R BN TV TPSTQ TS TUSTV; V;X
E"J EPS@%%&*&E%&M%% Bridging E;F;C;O;P;S;TB;TG;TH;
o - Fault TJ;TM;TN; TP; U;V;X
2% A, & BL BF H 40 fg Al EPS C;D;F;G;H;1;J;K;0;P;Q;
AL, EPS g A AN E H (28 Boundary R;S3;TB; TD; TE; TG TH; TJ;
P pmRieEsnE SN EER Function  TK; T TN; TP3 TQ; TS; TU;
REE S TV;U; VX
Table 5 CLC numbers and their names
CLC No. Name CLC No. Name CLC No. Name
C Social science Q Biological sciences TN Radio -ele?tromcs ’
telecommunication technology
D Politics, law R Medicine and health TP Computc.er technology,
automation technology
E Military S Agricultural Science TQ Chemical industry
F Economics TB General Sndtusizial TS Light industry, handicraft industry
technology
G Cu]ture', R TD Mining engineering TU Architecture
education, sports
H Language and Literature TE 0il and gas industry TV Water conservancy project
I Language TG Metslles énd U Transportation
metalworking
J Art TH Mechanllcal instrument v Aviation and aerospace
industry
Envi 1 Sci
K History, geography TJ Arms industry X S ESRRRRIIE SO

Mathematical science

and chemistry

Ast arth
stronomy, e ™

science

and Safety Science

Energy and power
engineering

Electrical engineering
technology

3.2 Label abbreviated terms

After the abbreviated terms of each sentence are
identified, they are replaced with serial number label
SoTi (i =1, 2---). Here two principles need to be sat-
isfied; (1) at most one label in one sentence; (2) la-
bel the abbreviated term that appear for the first time
under the conditions of (1). An example is shown in

Fig.4. Abbreviated term ‘ EPS’ is searched in each

sentence and replaced with serial number label SoT1 in
sentence 2 and sentence 3. The label replacement
number for sentence 2 and sentence 3 where the re-
placement occurs is increased by 1. At the same time,
the context information of ‘ EPS’ is recorded, that is
sentence 2, the sentence id where ‘EPS’ first appears
in the chapter. For the second abbreviated term

‘BF’, it is replaced with serial number label SoT2 in
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sentence 1. Since label replacement number in sen-
tence 2 and sentence 3 has reached the maximum value
1, only the first * BF’ in sentence 1 is labeled and its
context information is sentence 1. Some abbreviated
terms that appear fairly late in the chapter are not la-
beled after searching all the sentences because the pre-
vious abbreviated terms have made label replacement
reach the maximum value 1 for each sentence. At this
time, it must label the abbreviated term where it ap-
pears and also record its context information.

D number.
AR TEKEEEEA SR AR I EEFEBR LW m
1 | 0 |BBF, 77 BFR) &M 5 @k 51 TIF 2 K BF A T 58, i#—
& 1R AB 1R 00 2R . E
2 | o [saezensn nmm e em e me . e
# 2 B0 EPS B UL — 1 =AM 51,

Sentence  Label replacement . @ 2
o number- _C(Inlm'
B T 8 & BEl S8 A8 PO B B AL RE EPS
1 | o |mBF, 7R BF N 5 i8ak St TfF & 16 BF ALE F 28, it—
i 00 =Al 7 BF
AR TEEE SRR, B R, )

Context.
AETEKEEECL SR AR T EC I ALK LR information.

1| 1 |BiSoT2 , FF BFEY 4519 5 @k St Tk 8 4 BF A T 58,

2 R B A BR EPS| 2

o | | |EARFERSE, A0 AR TE kE AR B R, 80, =
# 5 B SoTl M A — 1 SRR 51

3 | o |‘EEFeR, 55 BF e 48 M SoTl A, EPS & &7 BAME.
8. EBNEXSIR S WHIRREB0TE,

Fig.4 Label abbreviated term and record context information

In the end, each sentence is labeled with a serial
number label, and each label corresponds to a small
dictionary of abbreviated terms including domain infor-
mation and context information as Fig. 5 shows. The la-
beled sentences are translated with a pre-trained trans-
lation system to get the initial translations as Table 6
shows.

3.3 Choose abbreviated term translation

In order to provide clear meaning to the abbrevia-
ted terms in final translation, the position where each
abbreviated term is first replaced with label in the
chapter is given in the form of ‘full name (abbreviated
term) ’ , and other position is only given in the abbre-
viated form.

3.4 Translate labeled sentences
Each labeled abbreviated term has obtained all full

names and domain attributes . Those full names which

Sentence.

D. Sentence.
AR TEREEEEN ERRE P EED FERE LR
1 |BESoT2 , 7R BF f) 4519 5 s Hif T{E 8 16 BF A F &&,
2 1B REE 1ERE A BEY
Abbreviated - Full. Context. Firstlabel in the
Label  torm, name- information. sentence ?
" F,G,0,P,QR,§,TB, TG, T™,
Biofilm 19, 7,15, 0, TV, V. X
cas EFG,0,P,5, T8, TG, TH,
sor2| BF Bridging Fault TLTMTN TR, U,V.X oo
CD,FG,H L1 K,O,P,QR,S,
Boundary Function T8, TD, TE, TG, TH, TJ, TK, T™,
TN TP, TQ TS, TU, TV, U, V, X
‘S];na:ca ubeltqy)hnmt . Setdica:

» | 1 |EERF Em s, A0 A8 T aE G R
%R, R S8 SoT1 SR R — 4 SHRR S .

Label. Abbreviated - Fulls Context. Firstlabel in the
Y terme name. information. sentence ?
SoT1 | EPS extracellular QRTBTQILX yes.
polymeric substances

Sentence. Label replacement .
D o

v

Sentence-

26 (AR , RV BF B 4ABR 0 SoT1 46k, EPS P 28 I Sh

3 1 |BR. s, ZERAEXSUR SEAITERES
[p-2:
Label, Abbreviated « Fulls Context. Firstlabel in the
term name- information~ sentence ?
SoT1 | EPS sstanrol lufar QRTBIQIUX s
polymeric substances

Fig.5 Each sentence with a small abbreviated term dictionary

Table 6  Initial translations
Labeled sentence Translation of labeled sentence

N T BER ELER E  SoT2 could be formed by immobi-
s R r] FH % lized Clostridium acetone and bu-
B 4k # (& £ B tanolin continuous fermentation.
SoT2, JF & BF [ 454 The analysis of structure and
S M TAE ¥ composition of BF was the basis
BF N T &K B, i — of applying BF to fermentation
S KB BERFE  and further improving fermenta-
fitio tion performance.

Combined with electron micro-
AR T RO, &
PPN R T B AR T 4 A
HIE IR AR AR, iy
WA SoT1 A I A —
A= HE AR ZE

scopic analysis, it was found that
Clostridium acetone-butanol cells
adhered, aggregated and accumu-
lated, and were wrapped by se-
creted SoTl to form a three-di-
mensional network structure.

It was found that BF was com-
posed of cells and SoT1, EPS
contained extracellular proteins,

ZMl % A, & 9L BF H
YIBE AN SoT1 41 K%, EPS

;é\ﬁﬁmﬂﬁﬂf gaﬁ ﬁe,%‘ i polysaccharides, nucleic acids
5 \ gfﬁj\] 3‘3% 4 25 and lipids, and polysaccharide
W;‘Z 1 M was the main network structure

support.

are not consistent with the chapter are removed, and
the rest are used as candidate full-name translations.
Here a classification model can be used to label chap-
ter or sentence'”' ) to assign CLC number as their do-
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main information. The chapter domain in the example
is TQ (chemical industry). The translation of the can-
didate full-name is shown in Fig. 6.

AETEXREECH EXAE P EE S AL R LI
1 | BkSoT2 , FFR@ BF 89 5518 5 Bak /17 TIE 2 % BF A T &8,
H— 128 KB RE 1O Bt .
Label t:;b:eviated v E::]i:ne full. :’:ﬂs:el':!cb:‘l?mthc
Biofilm
SoT2 | BF yes-
Boundary Function
;ntence %]::phccmun v Seutences

2 | 1 |gaeTEm s, 20 AE TE wE GE . R
= I8, 8 9 00 5011 S U — 1 SRR 4.

Abbreviated - Cadidate full-
term. name-

First label in the

Labal sentence ?

soir| s extracellular -

polymeric substances

Sentence. Label replacement

D wiier. Sentence-

27 [2#% , Y1 BF M 4BB8 A SoT1 4EAk, EPS R 2% K 4
3|1 |BEA., 28, BOEXSYIR. SRAIENES
53-8
—_ ﬂvﬁmﬂ . gl:s:au full il;! cl:c!ze'l) inthe
soTl | Eps extracel Lular i
polymeric substances

Fig.6 The translation of the candidate full-name

If the abbreviated term’ s context information
indicates the current sentence is the sentence of its first

appearance and there is only one candidate full name
translation, its serial number label will be replaced di-
rectly with the form of ° full name ( abbreviated
term) . Other serial number labels for the abbreviated
term are still replaced with the abbreviated form.

If there are multiple full names, the corresponding
serial number labels are replaced with each candidate
full name to obtain multiple sentence translations.

11324 §s used to select the best

LSTM language mode
sentence translation. The calculation equation of LSTM
language model score is as follows
Score (canditate sentence translation)
= Im(canditate full name) (4)
Im(candidate full name) = log(P(sys,8,°**s,,,))
(5)
P(s50818,7051) = P(sy) x P(s; 1 85) x -
X P(s,., | s¢8,°%°s,) (6)
P(s,., | sos,:+s,) = predict(sys, s, state,,s,,,)
(7)
The score of the candidate sentence translation
(508,85°**s,,;) depends on language model score of
candidate full name which refers to the fluency score of
the sentence (s,s,s,°:*s,,;) after the candidate full
name replaces term label, P(sys,s,:**s,,,) means the
($0818278,1) s P(s |

508, +++$,) is the function of sys,s,-*s,, s,,, and state, ,

probability of sentence -
which is calculated by a recurrent neural network
(RNN). Whent =0, there is no previous state, so set
P(s,) = 1. That means the fluency score of the sen-
tence is calculated from the second word. The final
translation is shown in Table 7.

Table 7 Final translations after LSTM choosing

Sent. ID Initial translation ( Domain; TQ)

Final translation

SoT2 could be formed by immobilized Clostridium acetone
and butanol in continuous fermentation. The analysis of
structure and composition of BF was the basis of applying
BF to fermentation and further improving fermentation

performance.

Combined with electron microscopic analysis, it was
found that Clostridium acetone-butanol cells adhered, ag-
gregated and accumulated, and were wrapped by secreted

SoT1 to form a three-dimensional network structure.

It was found that BF was composed of cells and SoT1,
EPS contained extracellular proteins, polysaccharides,
nucleic acids and lipids, and polysaccharide was the main
network structure support.

Biofilm( BF) could be formed by immobilized Clostridi-
um acetone and butanol in continuous fermentation.
The analysis of structure and composition of BF was the
basis of applying BF to fermentation and further impro-

ving fermentation performance.

Combined with electron microscopic analysis, it was
found that Clostridium acetone-butanol cells adhered,
aggregated and accumulated, and were wrapped by se-
creted extracellular polymeric substances( EPS) to form
a three-dimensional network structure.

It was found that BF was composed of cells and EPS,
EPS contained extracellular proteins, polysaccharides,
nucleic acids and lipids, and polysaccharide was the

main network structure support.
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4 Experiments

4.1 Experimental setup

The baseline MT system is a T2T Chinese-English
translation model built on Transformer. The hyper pa-
rameters are set as follows: batch size is 4096; 2 hid-
den layers, and the number of neurons is 512 ; In order

to avoid over fitting, the dropout rate is set to 0. 2.

The statistics of the MT system are shown in
Table 8. The training corpus involves multiple domains
whose CLC numbers cross from A to Z; The domain of
the test set are; E, F, O, P, Q, S, TB, TD, TE,
TF, TG, TH, TJ , TK, TL, T™M, TN, TP, TQ, TS,
TU, TV, U, V, X.

Table 8  Data statistics
Chapter Sentence Shortest Longest Average
Data Language Vocabulary
number number sentence length sentence length sentence length
. En 69445873 1 1706 26 6098603
Training data
Ch 69445873 1 2759 39 4421049
Development En 2200 1 117 27 7793
data Ch 2200 4 141 41 8123
En 145 599 102 588 199 288 24
Test data
Ch 145 599 96 336 181 26230

4.2 Model construction

According to the method described in Section 2, a
domain polysemous abbreviated terms dictionary is con-
structed by using a scientific paper knowledge base and
network resources. Here only the abbreviated terms
dictionary used in the test set are filtered and the statis-
tical information is shown in Table 9.

Table 9  Statistical information of dictionary filtered by test data

A
Number of Average length Average Vt;;‘agef
abbreviated of abbreviated number of e? 5
domain
terms terms full names .
attributes
340 3.43 2.58 2.65

In order to exiract abbreviated terms without de-
stroying the semantic information of the sentence to a
better extent, each sentence is labeled according to two
replacement rules: (1) at most one label for each sen-
tence; (2) guarantee (1) and label abbreviated term
which first occurs in the sentence. Therefore, when the
label replacement number of the sentence is not full,
replace the abbreviated term in it with the serial num-
ber label and record the sentence id where the label is
located, namely the chapter context information of the
abbreviated term. According to these two rules, some
later terms cannot be labeled. There are two sentences
in the chapter, and two abbreviated terms are recog-
nized as Fig. 7 expressed: ‘ISO’ and ‘ ASTM’. When
the abbreviated term ‘ISO’ is replaced firstly with ser-
¢ SoT1”’

tences, the chapter already satisfies rule (1) which

ial number label after traversing two sen-

means there is at most one label for each sentence. In
this case, the abbreviated term ‘ ASTM’ cannot be la-
beled. In order to provide as many clear full names as
possible , the position where abbreviated term * ASTM’
first appears in the chapter is forcibly labeled here with
serial number label ‘SoT2’ | and its chapter informa-
tion is also recorded.

Chapter

EER. Soll #1 ASTM iR
H A9 BIR R A% /0 BEit £ 1R
EET W EE & e RE
R W RMG B BIR R ik, BE
H= £ P £,

BE B % 5% 55011,
e B9 BIR R oA M Rt .

Fig.7 A labeling example

Recognized
abbreviated terms

SoT1:ISO
SoT2: ASTM

S d

ASTM

In the experiment 365 abbreviated terms were
eventually replaced by labels in the test set. Then the
pre-trained baseline Chinese-English translation model
is used for translating the labeled sentences to get the
labeled initial translation. At this time, the position of
each label, the corresponding abbreviated terms, dif-
ferent full names, their domain information, and the
chapter information are known. Table 10 shows an ex-
ample.

Domain information is used for selecting candidate
full names for each abbreviated term. It can be seen
from Table 10 that ‘ISO’ has two full names and the
domain attributes of its second full name ‘International
Student Organization’ does not contain ‘TQ’ where
the chapter’ s domain lies, so the full name does not
meet domain consistency and is removed as a candidate
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full name translation. Similarly, the first full name
“ International Organization for Standardization’ is re-
served as candidate full name. The full translation of

“*ASTM’ is also consistent with the domain. Thus, it

also retains as a candidate full translation.

Table 10 An example of abbreviated term with domain information and context information

Bentence Initial Sentence translation Chapt.e r el Full names Domain information . Contex.t
No. domain  term information
On the basis of the single rating .
. . International C,D,E,F,G,H,],0,P,0Q,
method given by the national stand- Organization & R.S TB. TE. TC. TH. TK
ard, SoT1 and SoT2 standards, a rgamzat.lon. or sl B~ R .
. . . Standardization ~ TL,TM,TN,TP,TQ,TS
single rating method for aging damage
1 . . . ISO Sent. 1
of protective coating system for air-
craft connection structure is pro- International
posed, and the factor set and evalua- TQ Student C,D,G,H,0
tion set are determined. Organization
D,F,G,H,]J,0,P R;8
Finally, the method is compared with American society T]_;) 'l"D ’TE’ ‘!I:F :I‘ G’ ('l%IiI 'I:K’
2 SoT1 and ASTM standard single rating ASTM  for Testing and 7 Sent. 1

methods.

TL,T™™,TN,TP,TQ, TS, TU,

Material V.U, VX

If there is only one candidate full name translation
for the abbreviated term, the serial number label is re-
placed with full name based on their chapter context
information which point out that the label is the first
appearing in the chapter. Some abbreviated terms obtain
multiple candidate full names after the domain informa-

tion filtering, as shown in the example in Table 11. The
context attributes of ‘ SFA’ is sentence 1, and the cur-
rent sentence ID is also 1, thus it is necessary to trans-
late ‘SFA’ with the full name. All the candidate full
names are used for replacing the serial number label to
generate sentence candidate translations.

Table 11~ An example of multiple candidate full names
Ser;ltj.nce Initial sentence translation Abbreviated term Full name aﬁ;)inbtzf;
SoT2 is an unsupervised linear learning
| algorithm that does not take into account SFA (1) Slow Feature Analysis Sentence 1

the category information and nonlinear

features of process data.

(2) Stochastic Frontier Approach

For all the sentence candidate translations, LSTM
language model is used to score the fluency of the can-
didate translations, and the higher score becomes the

Candidate sentence translation 1

final sentence translation, as shown in Fig. 8. In the
example of Table 11 the two candidate full-names of
¢ SFA ’ are used for replacing the serial number label

data.

Slow Feature Analysis(SFA) is an unsupervised linear
learning algorithm that does not take into account the
category information and nonlinear features of process

| 1128.0683589586988

>

Candidate sentence translation 2

process data.

Stochastic Frontier Approach(SFA) is an unsupervised
linear learning algorithm that does not take into account
the category information and nonlinear features of

LST™M

| —1130.875826609321 |

Fig.8 LSTM language model selection
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“SoT1’ to generate sentence candidate translations.
Thus, the candidate translation 1 has the higher score
of LSTM language model and output as the final sen-
tence translation.

At last all the sentence translations are combined
to obtain the final chapter translation.

4.3 Model evaluation

Selection accuracy here is used to evaluate the
performance of domain information and LSTM language
model, and BLEU"™! is used to measure translation
effects. Domain selection accuracy and language model
selection accuracy is given in Eqs(8) and (9).
Domain selection accuracy =
number of abbreviated term with correct full name by domain selection

number of abbreviated term

(8)
LSTM selection accuracy =
number of abbreviated term with correct full name by LSTM selection

number of abbreviated term

(9)

After analyzing the final translations, it is found

that the constructed dictionary is still limited in candi-
date translations of full names, and some full names
have not been collected. Therefore, the dictionary is
supplemented manually later. The experimental results
are shown in Table 12. From BLEU values in Table 12,
it can be seen that the abbreviated term translation
model can indeed provide the correct full name of the
abbreviated term and the integrity of the dictionary can
directly affect translations effects. The dictionary pro-
vides multiple full name translations for abbreviated
term and adds some full name translations which the
original MT system cannot give. Secondly, most irrele-
vant term translations are filtered out by the domain at-
tributes, which reduces the problem of domain incon-
sistency. Finally the LSTM language model helps to se-
lect candidate translations whose domain information is
similar. During the process, context information is
served as the guide of substitution. In case of a complete

Table 12 Accuracy and BLEU

BLEU Domain LSTM
Dictionary baseline selection selection
=0.2383 accuracy accuracy
Initial 0.2443
dictionary (+0.60% ) s S
Supplemented 0.2465 93.8% 68.9%
dictionary (+0.72%) (+6.9%) (+17.8%)

dictionary, the abbreviated term translation method can
obtain 93.8% in the accuracy of domain consistency,
68.9% in accuracy of language model selection, and
0.82 BLEU score in translation improvement.

4.4 Error analysis

After error analysis the following problems are
found: (1) The missing label. After some abbreviated
terms are replaced with labels and the labeled sentence
is translated, some labels are lost directly, resulting in
the missing translation of the abbreviated term (about
13.4% ). If the abbreviated terms are not replaced
with labels, the result may also be missed by NMT,
but loses slightly (roughly 4.6% ). (2) The accuracy
of language model selection in the current method is
not ideal. In the experiment, the language model is
trained based on data in the chemical industry, but the
full names of abbreviated terms may belong to other do-
mains and have different language habits. Therefore,
multiple language models in different domains may help
to filter the full names that is consistent in the do-

. [26]
main .

5 Conclusions

In the process of translating scientific documents,
MT systems usually use direct translation or reduction
translation for abbreviated terms, which leads to do-
main inconsistencies or front and behind differences.
To address this problem, an abbreviated term transla-
tion model that integrates context information and do-
main attributes is proposed. The constructed extra
knowledge, such as the abbreviated term dictionary, is
used for supervising term translation and alleviate the
problem of inconsistent translations within the chapter
to a certain extent. Context information ensures that the
abbreviated terms that appear in the chapter for the
first time are translated in full name and in the form of
abbreviations that appear later, which can solve the
problem of unclear translation of abbreviated terms and
further guarantee the translation is clean and economi-
cal. Finally, the effectiveness of the translation model
on the test set is evaluated and the results show that the
proposed method can greatly improve the problem of
domain inconsistency, and can also provide a relatively
correct full name of the abbreviated terms.

This paper mainly corrects English translation of
English abbreviated terms in Chinese chapter. This
method is also applicable to other translation direc-
tions, as long as the dictionary of abbreviated terms is
changed.



HIGH TECHNOLOGY LETTERSIVol. 27 No.3|Sep. 2021

293

References

[ 1]

Hu H. English acronym[ J]. Journal of Harbin University,
2011, 32(11) . 79-82

[ 2] Xue H Q. Research on English acronym [ J ]. Kaoshi

[ 3]
[ 4]

[ 9]

[10]

(11]

[12]

[13]

(14]

[15]

[16]

(17]

Zhoukan, 2015, (31) :86-87

Zhang W H. English abbreviatations and their pragmatic
functions[ J]. Yangize River Series, 2017(20) .88

The editorial office. Principles for the use of abbreviations
in medical scientific papers[ J]. Chinese Journal of Lapa-
roscopic Surgery ( Electronic Edition) , 2014 (5) :431431
Teresa M, Castellvi C, Zhu B, et al. Terminology and
translation[ J]. China Terminology, 2020, 22(4) : 31-35
Och F J, Ney H. Discriminative training and maximum
entropy models for statistical MT[ C] // Annual Meeting of
the Association for Computational Linguistics, Philadel-
phia, USA, 2002 . 295-302

Brown P F, Pietra S D A, Pietra V D J, et al. The math-
ematics of statistical MT; parameter estimation[ J]. Com-
putational Linguistics, 1993:19(2) ;263-311

Koehn P, Och F J, Marcu D. Statistical phrase-based
translation [ C ] // Proceedings of the Human Language
Technology Conference of the North American Chapter of
the Association for Computational Linguistics, Edmonton,
Canada, 2003 :48-54

Sutskever I, Vinyals O, Le Q V. Sequence to sequence
learning with neural networks[ C] // Advances in Neural
Information Processing Systems, Montreal, Canada,
2014 3104-3112

Bahdanau D, Cho K, Bengio Y. Neural MT by jointly
learning to align and translate[ J]. arXiv:1409.0473v7,
2015

Vaswani A, Shazeer N, Parmar N, et al. Attention is all
you need [ C] // The 31st Annual Conference on Neural
Information Processing Systems, Los Angeles, USA,
2017 . 6000-6010

Meng F D, Xiong D Y, Jiang W B, et al. Methods for
evaluating domain consistency of terminology translation
and statistical MT[ P]. China patent, CN201410520322,
2015

Arcan M, Giuliano C, Turchi M, et al. Identification of
bilingual terms from monolingual documents for statistical
MT[ C] // Proceedings of the 4th International Workshop
on Computational Terminology, Dublin, Ireland, 2014 .
22-31

Pinnis M. Dynamic terminology integration methods in
statistical MT[ C] // The 18th Conference of the European
Association for MT, Antalya, Turkey, 2015 .89-96
Scansani R, Bernardini S, Ferraresi A, et al. Enhancing
MT of academic course catalogues with terminological re-
sources [ C | // International Conference on Recent Ad-
vances in Natural Language Processing, Varna, Bulgaria,
2017.1-10

Long Z, Utsuro T, Mitsuhashi T, et al. Translation of pa-
tent sentences with a large vocabulary of technical terms
using neural MT[J]. arXiv;1704.04521, 2017

Hasler E, Gispert A D, Iglesia G, et al. Neural MT de-

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

B. S,

coding with terminology constraints [ C] // Proceedings of
the Conference of the North American Chapter of the As-
sociation for Computational Linguistics: Human Language
Technologies, Melbourne, Australia, 2018 506-512
Hokamp C, Liu Q. Lexically constrained decoding for se-
quence generation using grid beam search[ C] // Proceed-
ings of the 55th Annual Meeting of the Association for
Computational Linguistics, Vancouver, Canada, 2017
1535-1546

Zhu J T, Cai D F, Zhang G P. A method of abbreviation
bilingual information automated extraction based on the
web [ C] //Proceedings of the 8th China National Confer-
ence on Computational Linguistics, China,
2005 :687-689

Wang J D, Zhang Z X. Rapid extraction algorithm of ab-

breviation based on reverse scanning and co-occurrence

Nanjing,

analysis [ J |. Application Research of Computers, 2018,
35(3) :700-704

Ding L, Li Y, He Y Q. Comparison study of domain
adaption methods in statistical machine translation[ J].
Technology Intelligence Engineering, 2016, 2(4) .80-88

Ding L, Yao C Q, He Y Q, et al. Application of deep
learning in statistical machine translation domain adapta-
tion[ J]. Technology Intelligence Engineering, 2017, 3
(3) :64-76

Olah C. Understanding LSTM networks [ EB/OL]. ht-
tp://colah. github. i0/posts/2015-08-Understanding-LST-
Ms/ : Git Hub, 2017

Sundermeyer M, Schluter R, Ney H. LSTM neural net-
works for language modeling[ C ] // Annual Conference of
the International Speech Communication Association,
Portland, USA, 2012.194-197

Papineni K, Roukos S, Ward T, et al. BLEU: a method
for automatic evaluation of MT[ C] // Proceedings of An-
nual Meeting of the Association for Computational Linguis-
tics, Philadelphia, USA, 2002.311-318

Lin Q, Liu Q, SuJ S, et al. Focuses and frontiers tend-
ency in neural machine translation research[ J]. Journal
of Chinese Information Processing, 2019,33(11) :1-14

He Yangqing, born in 1974. She received the

degree in mathematics education in Hebei Nor-

mal University and M. S. degree in probability and

mathematical statistics from Renmin University in 2005

and the Ph. D. degree in pattern recognition and intel-

ligence system from Institute of Automation, Chinese
Academy of Sciences, Beijing, in 2009. From 2009 to

2012, she was a research assistant with Information

Technology Support Center, Institute of Scientific and
Technical Information of China (ISTIC). Since 2012,
she has been a researcher in Research Center for Infor-
mation Science Theory and Mechodology of ISTIC. Her

research interests include MT, semantic role labeling,

machine learning, natural language processing.





