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Abstract

Terminological consistency is an essential re-
quirement for industrial translation. High-
quality, hand-crafted terminologies contain en-
tries in their nominal forms. Integrating such
a terminology into machine translation is not
a trivial task. The MT system must be able to
disambiguate homographs on the source side
and choose the correct wordform on the target
side. In this work, we propose a simple but
effective method for homograph disambigua-
tion and a method of wordform selection by in-
troducing multi-choice lexical constraints. We
also propose a metric to measure the termino-
logical consistency of the translation. Our re-
sults have a significant improvement over the
current SOTA in terms of terminological con-
sistency without any loss of the BLEU score.
All the code used in this work will be published
as open-source.

1 Motivation

The importance of consistent terminology has long
been discussed by translation experts (Dagan and
Church, 1994; Merkel, 1998; Itagaki et al., 2007,
Saraireh, 2001; Byrne, 2006). Terminological stan-
dardisation is a critical task for technical and non-
technical industrial translation. Patents, technical
manuals, and medical instructions rely on consis-
tent usage of technical terminology. But also non-
technical news releases, marketing texts, promotion
materials, legal and financial documents need to
adhere to the same terminology. Byrne (2006) cor-
rectly points out that many large companies have
their own terminologies that should be used in all
texts. Such terminologies prescribe the correct us-
age of terms and provide not only a list of words
that are to be used but also a list of their synonyms
that should not be used by writers and translators
(so-called negative terms). Sukhareva et al. (2020)
describe such terminology for an automotive com-
pany and its usage in detail. Not adhering to these
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rules can be not only confusing for a reader but
can also lead to serious legal and financial conse-
quences if it is proven that damage was caused by
the ambiguity of the instructions.

Morphologically rich languages also pose a very
practical problem for terminology integration: ter-
minological entries are provided in their nominative
singular form (Susanto et al., 2020). The SOTA
approaches rely on the assumption that the termino-
logical entry can be found as is in the translated text.
This is not the case for Slavic languages (e.g. Rus-
sian), for which finding the correct wordform on the
target side is a key challenge for the terminology
integration.

Morphologically poor languages (e.g. English),
on the contrary, pose a very different challenge. Ho-
mographs appear in such languages not only due
to polysemy and homonymy but also due to poor
derivational morphology (e.g. a report vs. to re-
port), thus, becoming a very common phenomenon.
Liu et al. (2018) show that SOTA neural machine
translation (NMT) fails to resolve homography effi-
ciently. Despite being a known issue, the problem
has received very little attention from the research
community, and we are currently not aware of any
prior work that would explicitly address the prob-
lem of homographs in the context of terminology
integration into machine translation. This paper
focuses on the following issues: resolving homo-
graphs when the source language is morphologi-
cally poor, choosing the right wordform in the mor-
phologically rich target language, and evaluating
terminological consistency in the resulting transla-
tion. We show that our approach for homograph dis-
ambiguation and morphologically flexible lexical
constraints significantly improves terminological
consistency as compared to the current SOTA.
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2 Related Work

Previous work can be roughly divided into two
groups: approaches that integrate lexicon during
inference and approaches that integrate lexicon dur-
ing training. A constrained decoding approach that
has established itself as the SOTA in the past two
years is Post and Vilar (2018). They proposed the
Dynamic Beam Allocation (DBA) strategy, which
decreased the decoding time complexity to constant
time in respect to the number of lexical constraints.
The proposed algorithm aims to allocate banks dy-
namically, prioritising the beams that satisfy the
most constraints. This algorithm only allows in-
corporating a single wordform of a constraint, as
Dinu et al. (2019) discussed in their work. This
is a notable disadvantage of this approach as it as-
sumes an unrealistic precondition that the provided
lexical constraints will be correctly inflected. This
condition cannot be satisfied when translating into
a morphologically rich language.

On the contrary, training time approaches are
more flexible in selecting the inflected forms. The
SOTA in-training approaches tune a transformer
model (Vaswani et al., 2017) towards producing
translations that are biased towards an external lex-
icon. Song et al. (2019) proposed a simple way to
copy target side terms into source sentences. Like-
wise, Dinu et al. (2019) suggested a source sen-
tence modification method by replacing/appending
target side terms using additional source factors.
Nevertheless, these methods are only encouraging
the model to use predefined target terms, whereas
constrained decoding methods are enforcing terms’
usage. Thus, it can be argued that in-training ap-
proaches are inferior to the constrained decoding
methods in terms of straightforward terminology
integration and, indeed, Dinu et al. (2019) report
the terminology usage rate 6-9% less than the con-
strained decoding method. To ensure the appear-
ance of terms in the output, Michon et al. (2020)
use placeholders with the help of morphosyntactic
annotations. Even though the approach is effective
for choosing a correctly inflected form, it depends
on the availability and performance of morphologi-
cal analysers both in source and target languages.

While all the aforementioned approaches have
succeeded in improving the terminological con-
sistency of translations, they essentially rely on
a supervised selection of terminological entries. In
other words, they assume that the homographs have
already been resolved and a correct wordform is

provided. Once the discussed approaches are set on
a trial under realistic conditions, translation quality
deteriorates. Word sense disambiguation is mean-
while a well-researched NLP task, and current state-
of-the-art approaches can efficiently resolve homo-
graphs (Bohnet et al., 2018; Huang et al., 2019) but
due to being time-consuming, are not applicable
during translation inference.

3 Data

3.1 Parallel Corpus

For the training of the baseline NMT model, we
used preprocessed bilingual WMT18 data'. We
filtered out sentence pairs that have a length ra-
tio of less than 1/3 or more than 3. We also ap-
plied language detection (langid) filtering (Lui
and Baldwin, 2011) in a tolerant way: The sen-
tence pairs for which langid could not predict the
expected language in the first 10 predictions are
filtered out. Finally, we removed 75,000 sentences
with the worst alignment scores (Dyer et al., 2013).
All the reported models utilize WordPiece (Wu
et al., 2016) for tokenisation. To fine-tune the hy-
perparameters of the model, we used newstest2014,
newstest2018, and newstest2019 as development
sets. Newstest2017 is reserved for reporting the re-
sults. Since EN — RU newstest2020 was not avail-
able during the time of our experiments, we used
RU — EN test set including an additional test set
(test-ts?), as a second set to report the results.

3.2 Terminology Extraction

Despite dictionaries of negative and positive syn-
onyms being standard resources used by industrial
translators, they usually cannot be openly shared.
Thus, in order to ensure the reproducibility and
comparability with previous work, we decided to
use openly available resources: WMT Corpus and
Russian Wordnet. We believe that such an approx-
imation does not diminish the fairness of the evalu-
ation as we are not focusing on domain adaptation
but solely on improving lexical consistency of trans-
lation, which is just as applicable to and observable
on news translations.

Tab.1 describes the process of generating our
pseudo-dictionary of positive and negative terms.
The Russian side of the training set is lemmatised

Thttp://data.statmt.org/wmt18/
translation-task/preprocessed/ru-en/

Znewstest2020-ruen-sre-ts.ru and newstest2020-ruen-ref-
ts.en
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source reference

The boat’s engine | Y aBurartenst JoaKH
had an emergency kill | 6511 aBapUIHBII
cord. pa3MbIKaTenb

I opened it up to find
out how the engine
works

sl BCKPBLJI €T0 , YTOOBI
IPOBEPHUTH , KaK TaM
paboTaeT MOTOp

(a) Sentence pairs where the Russian Wordnet entries
neuratenb and Motop are aligned to engine.

alignment occurrence | in synset
engine - IBUTATEINb 149 yes
engine - MOTOp 22 yes
engine - MalIuHA 4 no
engine - IBYKYIITHI 3 no
engine - MEXaHU3M 3 no

(b) Extracted alignments grouped by the source entries. One
synset of the most occurring Russian word gBurarens is chosen
considering the majority vote.

Table 1: The process of generating the terminological
dictionary.

and matched against the Russian Wordnet (Cher-
nobay, 2018). We use fast_align (Dyer et al.,
2013) to extract word alignments of Russian and
English sides of the training set. We proceed with
finding the English word that is most frequently
aligned to all the synonyms in a synset (e.g. ’en-
gine” is the most frequent match to ”nBurarens”
dvigatel’ and ”motop” motor). This leaves us with
a lexical entry for the English word “engine” and
its Russian translations, which are the WordNet
synonyms. Finally, we labelled the most frequently
aligned Russian synonym in this list as a positive
term, and all other Russian synonyms as negative
terms (e.g. “mBurarens’ dvigatel is labelled as a
positive synonym). Thus, from now on, if an En-
glish sentence has a word that occurs in our dic-
tionary, the translator should resort to using the
positive term in the translation and avoid negative
terms. An example of a terminology entry> can be
found in Tab. 2.

3.3 Extraction of Wordforms

We further matched the terminology entries in the
bilingual training data and kept track of the co-
occurrence counts of inflected words to obtain a
one-to-many list of wordform candidates per entry.
Only the first candidate could be used as a lexical

3'h’c‘cps ://github.com/term-integration-mt/
term-integration-mt

Word Lang  Usage

engine en Positive
IBUTaTenb  ru Positive
MOTOp ru  Negative

Table 2: Terminology entry

constraint for the related source phrase, whereas
all the most frequent k options can be incorporated
by our multi-choice lexical constraint approach. In
order to extract Russian wordform candidates, we
created a list of Russian wordforms most frequently
aligned to a single inflected English wordform. As
English is a morphologically poor language, we
would end up with a list of Russian wordforms
that would frequently contain five or more entries.
Tab. 3 shows three distinct wordform lists of a ter-
minology entry aligned to an inflected form of the
English entry.

4 Approach

The approach consists of two major steps. On the
source side of the morphologically poor language,
it solves the problem of frequent homographs by ap-
plying a homograph disambiguator. On the target
side of the morphologically rich language, it en-
sures that the translated term is correctly inflected.

4.1 Homograph Disambiguation for the
Morphological Poor Language

Tab. 2 shows an entry in our terminology. All
three Russian words are interchangeable synonyms
in a certain context. But a straightforward string
matching of word engine (Tab. 2) with an aim to
force the translator to use a certain synonym in the
target language would fail: the English word engine
can also be used in the sense of a search engine (Fig.
1) which would have a Russian literal translation as
”search system”. In this case, the lexical constraint
enforced by our terminology would not be correct

prevails: npeobyagaeT, MpeodiiamaoT,
npeo0danaTh, mpeodiaamana

prevailing: MIPeo0ITaIAIoINX,
npeobiagaromue, npeobianaer,
npeobnanaromiee

prevailed: npeobnanan,  npeoOramaiy,

npeo0ianana, mpeodiagano

Table 3: An example of extracted wordform options
depends on the inflections in the source language.
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and would cause poor translation quality.

To mitigate this problem, we propose a homo-
graph disambiguation method. Our homograph dis-
ambiguation task is simpler than standard word-
sense disambiguation (WSD) tasks (e.g. Gloss-
BERT (Huang et al., 2019)) as it suffices to predict
whether or not a certain word in the source sentence
is used in the same sense as a terminology entry that
has the same spelling and, unlike traditional WSD,
there is no need to label all the possible senses of
this word. We propose a word labelling model,
similar to named entity recognition (NER) models,
fine-tuned on BERT* (Devlin et al., 2019) having
only two classes (7 for Term and O for Non-Term).
The model tags all the words in a sentence in one
forward pass.

In order to create the training data for the homo-
graph disambiguation, we used the same parallel
corpus that we used for training the machine trans-
lation models. All the training data were processed
with aword aligner fast_align (Dyeretal.,2013).
All the sentences were lemmatised. Every lemma
in the Russian sentence was compared against the
extracted terminology (Sec. 3.2). If it is found in
the terminology as a positive or negative term, we
check whether the aligned English lemma is also
listed as its translation (Tab. 2). If this is the case,
the English word is labelled as ”Term”, otherwise
as "non-Term” (Fig. 1).

The BERT homograph tagger is fine-tuned for 4
epochs on this data.

4.2 Morphology Integration for the
Morphologically Rich Language

As described in the Sec. 2, the Dynamic Beam Al-
location (DBA)’ runs in constant time with respect
to the number of constraints. The DBA accepts a
list of constraint pairs (i.e. a term and its transla-
tion). During decoding, the candidates are grouped
into banks with the number of banks equal to the
number of constraints. If a term is found in the
source sentence, then the translation candidates in
which term’s translation occurs are propagated to
a higher bank. The best translation is chosen from
the bank with the highest rank (i.e. the ones that
have the most satisfied constraints). The drawbacks
of this approach is that it matches words without
their context and can neither discriminate between
homographs (addressed in the previous section) nor

4BERT-Base, Cased (12-layer, 768-Hidden)

SFor a detailed description of the DBA, refer to Post and
Vilar (2018)

choose the correct inflection. As it forces a higher
score on the translations that are compliant with
the constraint list, the approach is not applicable to
translating from a morphologically poor to a mor-
phologically rich language as on one hand there
are plenty of homographs on the source side and
on the other hand there is a multitude of inflected
wordforms on a target side. Constraining a transla-
tion on a wrong wordform (e.g., a nominative noun
form instead of a dative form) would result in a
translator giving a top score to a poor translation.
We propose multi-choice lexical constraints ap-
proach that overcomes DBA’s limitations and en-
ables the translator to deal with morphologically
rich languages by choosing a correct wordform.
Similarly to (Post and Vilar, 2018), during infer-
ence we allocate candidates to banks. We find
the longest possible (in terms of the number of to-
kens) candidate for every constraint to make sure
there will be enough banks for all the possible con-
straints. Then to prioritise the entirely satisfied con-
straint phrases regardless of their token count, we
rewarded them with the token count of the longest
candidate. Without this change, the allocation strat-
egy would be biased towards longer candidates.

Number of constraints The algorithm requires
multiple banks to allocate candidate hypotheses. In
the worst case, all the longest candidates would
need a seat in the bank. For this reason, the number
of constraints is the sum of the byte pair encoding
(BPE) token counts of the longest constraint options.
The size is calculated once since the constraint list
remains unchanged during decoding. The number
of constraints is calculated as follows:

size = Z max |c,| (1)
ceC ¢
where C is the constraint list, and o is a constraint ¢
candidate in multi-choice lexical constraints (MLC)
algorithm.

Number of satisfied constraints The satisfied
constraint count of hypotheses decides in which
bank they should be allocated. The number of
banks equals to the maximum possible count if
all the longest constraint variants are to be satis-
fied. However, as the algorithm is biased towards
prioritising sentences with the most satisfied con-
straints, such sentences are longer and have higher
overall cross-entropy loss. It causes a significant
drop in the general quality of translations, espe-
cially if BPE tokenisation is used as more frequent
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Positive term:

Y fBuratens NoAKM 6bln aBapUitHbIA pasmblkaTenb
I N\ N

The boat's engine had an emergency kill cord

0O O T 00 (o] 0 O

Negative term:
A BCKPbIA ero , 4Tobbl NpoBEpUTL , Kak paboTaeT MoTop

7

| opened it up to find out how the engine works
O 0 O0OOO O OO T (o]

Homonym:

MoncKoBas cucTEMA 3HAYUTCA CPEAM ITUX MPUIONKEHMIA

N
The search engine is listed among these applications
o O 0O O O (o] o] (o]

Noun adjunct:
OHM HalAM GparmeHTbI Ny/IM U3 MOTOPHOTO OTCEKa

Lo > /0 N N\

They found bullet fragments from the engine compartment

o o o o o0 o o (0]

Figure 1: Labelling of the training data for homograph disambiguation: English words that are aligned to a synonym
in Russian Wordnet synset are labelled as terms, otherwise they are considered to be homographs. ”/IBurarens”

“dvigatel’” and ”motop” “motor” are found in the dictionary, while “cucrema

tornyi” are not.

tokens are usually represented with fewer BPE to-
kens. To overcome this problem, we calculated the
size of the satisfied constraints as follows: given
f(c) is the list of the advanced token indices of
the constraint ¢’s variant, the number of satisfied
constraints in a hypothesis is calculated as:

max, |col, if ¢ is entirely met.
m(c) = {max, f(c,), ifcisadvanced.
0, otherwise.
num_met = Z m(c)
ceC
2
Set of allowed constraints We keep track of the

advanced constraint to make sure we will advance
on started but not entirely met constraints. How-
ever, when we have multiple variants for a con-
straint, even if the advanced constraint is known,
we might have multiple variants of that constraint
as advanced but not fulfilled yet. Therefore, we
track the number of advanced tokens for all vari-
ants of the constraints. Finally, the set of allowed
constraints is defined as the next tokens of all the
advanced variants of the advanced constraint. If
there is no advanced constraint, the set is simply
the initial tokens of all the constraint options. The
set A(C) of all the allowed token indices is defined
as:

A(C) _ {f(co) +1,
0 for all c,

3 ¢ with advanced o.

otherwise.
3)

Advancing on constraints The major difference
to the DBA approach is that the advanced con-
straints have a list of variants on which the algo-
rithm can advance in one step. Therefore, when

2 2

sistema” and “MOTOpHBIH” “'mo-

there is an advanced constraint, all variants are
considered as a possible advancement step. For
instance, if the initial tokens of the constraint in
example (1) are already advanced ( mop, ##ax, )
in decoding time step ¢, the algorithm advances
on that constraint. The following tokens of both
candidates are advanced together for the same hy-
pothesis, which is a usual case when the choices
have the same stem, and the only difference is the
inflections. Its benefit is not only improving decod-
ing run-time but also distributing the hypotheses
more efficiently in the beams.

(1

nop, ##ax, #ttenuit
nop, ##ax, ##enuu

Fig. 2 shows that the run time of the MLC algo-
rithm is comparable with the DBA (Post and Vilar,
2018) in different beam size settings and with dif-
ferent number of wordform choices.

unconstrained (k=10)
— LC (k=5)

— LC (k=10)

— LC (k=20)

-8- MLC (k=5)

-8~ MLC (k=10) _
5 e MCk=20 o m====
-
e
° --—-
g4
]
g —
P33 T em====== == e "
o
g
8
02 ® =
@ ——— - ——————————= -
1
0
1 2 3 4 5 6 7 8

number of wordforms

Figure 2: Runtime comparison of (Post and Vilar,
2018) and multi-choice lexical constraints (MLC) as a
function of wordform choices per constraints (average
runtime per sentences with 2 constraint groups and sim-
ilar sentence length) where k is beam size.
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src. | The rest of the people will rest until the
end of the year.

tr. | OcTajabHble JTIOIU OYAyT OTABIXaTh 10
KOHIIa TOJ1a.

ref. | OcTajbHBIE JIFOJU OTIOXHYT JI0 KOHIIA
roja.

Table 4: An example sentence pair for terminology us-
age evaluation.

5 Evaluation

All the models in our experiments were trained
in the SOCKEYE® toolkit (Hieber et al., 2017). The
models that incorporate 6-layer, 8-head transformer
architecture are trained 50 epochs on the training
corpus (10,402,336 bilingual sentences after pre-
processing). We modified the SOCKEYE toolkit to
add the multi-choice lexical constraints algorithm
and are going to publish the extension as an open-
source.

For translation quality evaluation, we re-
port BLEU score (Papineni et al., 2002) using
SACREBLEU (Post, 2018),” after detokenising the
translations. Following Post and Vilar (2018), Dinu
et al. (2019), and Susanto et al. (2020), we also
report the terminology usage rate to evaluate termi-
nological consistency.

5.1 Terminological F-score

Both BLEU score and terminological usage rate
(Post and Vilar, 2018) are not sufficient to eval-
uate terminological consistency. The usage rate
has proven to be seriously flawed as this metric
does not account for homographs. Tab. 4 shows
an example of a sentence translation that includes
a homograph rest in its source sentence. Our ter-
minology prescribes translating rest as a Russian
adjective meaning “’remaining” and does not con-
tain an entry that would have the same meaning as
its homograph verb fo rest. The terminology usage
rate used in the previous research was calculated
in a rather straightforward manner by mere string
matching. In our example, it would mean that the
metric would only give a perfect score if the verb
rest was incorrectly translated as its homograph
adjective. If this were the case, despite the perfect
score, the resulting translation would be of a very

Shttps://github.com/awslabs/sockeye/tree/
sockeye_1

"The signature is BLEU+case.mixed+lang.en-ru+num-
refs.1+smooth.exp+test. wmt17+tok.13a+version.1.4.14

poor quality.

As Dougal and Lonsdale (2020) discuss, it is
necessary to report an f-score metric when eval-
uating lexicon injected systems. Their suggested
metric TREU intends to mitigate the negative effect
of unmatched terminology tokens on BLEU metric
assuming the reference sentences do not usually
contain terminology promoted tokens. However,
to assess the general quality of MT systems clearly,
we find it more suitable to use the standard BLEU
score. Thus, we require a separate metric based on
the precision and recall of the terminology usage.

We propose a terminological f-score to account
for precision and recall of the terminology usage in
the hypotheses as compared to the reference trans-
lations. A similar metric was suggested to evaluate
the performance of NMT models for the handling
of homographs (Liu et al., 2018). The major differ-
ence between our metric and theirs is that we focus
on the sense of the word rather than the string by
consider all the aligned WordNet synonyms in the
reference sentences. The precision and recall per
sentence are calculated as follows:

poy minlshlirl e

i |7 | W
R= Z min |Is|, |7 ], |Ir]
S minllg], |Ig]
S

where Lyg is the list of the terminological entries that
occurred in the source sentence, |/g| is the occur-
rence number of terminology entry [ in the source
sentence, |7 | is the occurrence number of the posi-
tive usage of that entry in the translation sentence,
and |/g| is the occurrence number of both the pos-
itive and negative synonyms of the entry / in the
reference sentence. Thus, we calculate the preci-
sion and recall as 1/1 for the example in Tab. 4,
whereas the terminology usage rate is 1/2.

5.2 Quantitative Results

Tab. 5 shows the results of the evaluation in terms
of terminology usage rate, terminological f-scores,
and BLEU scores for the newstest2017 and new-
stest2020 testsets. The baseline is a vanilla trans-
former model trained with the same parameters as
all the other models without integrating the termi-
nological dictionary. For the in-training baselines,
we reproduce on our data the source-factoring (SF)
model with append strategy that was described by
Dinu et al. (2019). The inference time baseline is
the lexical constraints (LC) approach by Post and
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Model Term. Rate Term. Prec. Term. Recall Term. F1 || BLEU (A)
baseline 57.43 78.20 81.16 79.65 33.2

(Dinu et al., 2019) 81.22 62.76 95.54 75.76 30.2 (-3.0)
SF + BERT 57.17 79.13 81.45 80.27 31.8 (-1.4)
(Post and Vilar, 2018) 99.88 49.04 99.23 65.64 26.0 (-7.2)
MLC 99.68 50.82 99.54 67.29 28.2 (-5.0)
LC + BERT 61.67 75.02 87.30 80.69 31.1 (-2.1)
MLC random 70.71 66.92 86.55 75.48 31.7 (-1.5)
MLC + BERT 61.62 77.35 87.30 82.03 32.5(-0.7)

(a) newstest2017

Model Term. Rate Term. Prec. Term. Recall Term. F1 || BLEU (A)
baseline 57.33 77.19 75.01 76.08 28.8

(Dinu et al., 2019) 81.42 64.72 92.72 76.23 26.4 (-2.4)
SF + BERT 58.27 79.09 77.88 78.48 27.8 (-1.0)
(Post and Vilar, 2018) 99.79 51.13 99.32 67.51 24.6 (-4.2)
MLC 99.51 52.46 99.15 68.62 24.9 (-3.9)
LC + BERT 63.90 74.35 84.73 79.20 27.4 (-1.4)
MLC random 72.31 65.17 82.54 72.83 27.3 (-1.5)
MLC + BERT 63.84 75.84 84.52 79.94 28.1 (-0.7)

(b) newstest2020 (extracted from ru-en wmt20/test-ts)

Table 5: Terminology usage and BLEU scores of baseline, source factoring by append (SF), lexical constraints

(LC) and multi-choice lexical constraints (MLC) (ours) models.

Vilar (2018). We compare the baselines with the
following proposed contributions:

1. Introducing homograph disambiguation
(+BERT) as described in Sec. 4.1

2. Introducing multi-choice lexical constraints
(MLC) for the inference approach as described
in Sec. 4.2

3. Combining multi-choice lexical con-
straints and homograph disambiguation
(MLC+BERT)

The evaluation shows that previously proposed
SOTA methods for lexica integration by Dinu et al.
(2019) and Post and Vilar (2018) suffer from a large
decrease in the BLEU score. It also shows that the
term usage rate used in the previous research is
essentially meaningless for measuring translation
quality as even though it has a nearly perfect score
for Post and Vilar (2018), the BLEU score greatly
dropped. Our approach, on the contrary, showed
a significant improvement over all the baselines
in terms of terminological f-score without decreas-
ing translation quality. The reasons for the slight
decrease of the BLEU score for MLC+BERT are
discussed in detail in Sec. 5.3.

5.3 Qualitative Analysis

For a better insight into the results, we manually
inspected the Russian translations. One of the pri-
mary reasons why MLC+BERT had a slight drop in
the BLEU score as compared to the vanilla baseline
was that the WMT testset was not tailored to have
consistent terminology. We are also not aware of
any open-source MT evaluation dataset with ter-
minological consistency in mind. The evaluation
showed that this was the reason for the drop in
BLEU. Tab. 6 shows translations for which the
BLEU score is lower for the MLC+BERT model.
This hypothesis was tested by calculating the BLEU
score for a subset of test sentences that contain the
positive term in the Russian reference translation
(80% of newstest2017 and 85% of newstest2017).
The results in showed that the difference in the
BLEU score between the baseline and our model de-
creases by more than double if all the test sentences
with negative terms are eliminated (see Appendix
A).

As compared to other baselines, our method
greatly improves the quality of the translation for
Post and Vilar (2018) and Dinu et al. (2019). Post
and Vilar (2018) baseline is particularly prone to
hallucinate Lee et al. (2018) if a lexical constraint
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EN Kvyat parked his car in one of the safety zones. Terminology

RU KBsT npunapkoBaj MalIMHY B OHOH U3 30H OE€30IIaCHOCTH. car

baseline KBsiT mpumapkoBail CBOI0 MALIMHY B OJJHOI U3 30H 0€30MaCHOCTH. aBTOMOOWMIIB (POS)
MLCH+BERT  KgsT npunapkoBall CBOWi aBTOMOOMJIb B OIHOI 13 30H 0€30MacHOCTH. || MaiuuHa (neg)

Table 6: An example from the newstest2020 evaluation set. The Russian gold sentence and the baseline contain a
negative term. The MLC+BERT translation uses a positive interchangeable syllable. Even though the translation
is perfectly fine, the BLEU score is lower for MLC+BERT.

is a homograph or is not correctly inflected (see
Appendix B). In this case, the model generates an
output till it reaches the maximum length. For ex-
ample, the output of the LC baseline has 8% more
characters than the reference translations. In com-
parison, the vanilla baseline has only 0.5% more
characters and the MLC+BERT has exactly the
same amount of characters. The manual evaluation
showed that reducing hallucinations is the reason
for the large increase of the BLEU as compared to
the SF and LC baselines.

We also examined the effect of automatically
generated lexicon on the translation quality. While
we found cases in which positive terms were not
perfect synonyms and were not interchangeable
with negative terms, the homograph disambigua-
tion seemed to show certain robustness by labelling
the English term only if they occurred in the context
that was common for negative and positive Russian
translations. While we still believe that better re-
sults could be achieved in real-life settings where a
high-quality dictionary would be used, our exami-
nation showed that there was no unreasonable error
propagation from the usage of an automatically ex-
tracted dictionary.

The greatest weakness that we found during qual-
itative examination lies in how the top inflected can-
didates are scored in MLC. The MLC model takes
a list of top n Russian wordforms that are most fre-
quently aligned to a given English wordform of a
term. In rare cases, an acceptable wordform does
not appear to be in the top »n list. In this case, the
translation ends up being grammatically incorrect
or hallucinates in a similar sense as the LC baseline.
A possible solution for this would be generating the
top n choices for MLC in a more elaborated man-
ner e.g. by considering the position in the sentence
or even using syntactic information. For now, we
leave exploring those options for future work.

5.4 Evaluation of Homograph
Disambiguation

The homograph disambiguator was trained on arti-
ficially created labels, and we are not in possession

of any gold standard data for the direct evaluation.
We assume that evaluating the approach on the arti-
ficially labelled data will not ensure the objectivity
of such an evaluation and both train and testset will
contain the same errors. For transparency, we still
provide the scores in Appendix (Tab. 8).

Thus, measuring the effect of homograph dis-
ambiguator on the downstream translation task is
more sound. To make sure that the improvement
of the terminological f-score is caused by the ho-
mograph disambiguation and not by the reduction
of the number of lexical constraints, we introduce
the MLC andom baseline (see Tab. 5). We have cal-
culated the total amount of constrained terms after
applying the homograph disambiguation (+BERT)
and randomly labelled the same amount of terms
to be constrained in the original testsets. The eval-
uation results showed that the f-score dropped by
7% for the randomly labelled dataset, thus, proving
that our homograph disambiguation is the actual
cause of the f-score’s improvement.

5.5 Runtime Analysis

In order to ensure that MLC is also feasible for
real-life usage, we compared the inference speed
between the Post and Vilar (2018) and our MLC
input (Fig. 2). As well as the DBA algorithm, MLC
makes sure that the number of hypotheses is lim-
ited by the beam size. Thus, the runtime complexity
of our approach is constant in the number of con-
straints. We have made an interesting observation
that MLC is actually faster than LC for the beam
size of 5 and slightly slows down for the beam size
of 10. We have found the following explanation for
such behaviour: Lexical constraints expect a large
beam size in order to be able to generate enough
hypotheses with the provided lexical constraints.
The DBA does not allow a beam to generate the
end of sentence symbol unless the constraints are
met. Once a translation is incorrectly constrained
on a homograph or on a wordform that cannot oc-
cur in translation, the beam cannot terminate unless
it reaches the maximum length, and, thus, it neg-
atively influences the inference time. On the con-

1091



trary, the MLC allows a beam to terminate which
makes it more time efficient.

6 Conclusion

We have presented an approach for terminology
integration into a neural machine translation from a
morphologically poor into a morphologically rich
language. Our work makes the following contribu-
tions:

1. Disambiguation of the homographs in the mor-
phologically poor language.

2. Multi-choice lexical constraints to ensure the
correct choice of an inflected target wordform
in the morphologically rich language.

3. A metric that takes into account precision and
recall of terminology usage.

We propose a solution to the problem of rich
morphology in the target language by presenting
multi-choice lexical constraints and show that our
combined approach (MLC+BERT) has a signifi-
cantly® better f-score than all the other models.
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A Further Quantitative Analysis

A.1 BLEU Scores of Filtered Datasets

Model BLEU () Model BLEU (&)

baseline 33.7 baseline 29.6

SF + BERT 323 (-1.4) SF + BERT 29.1(-0.5)

MLC + BERT | 33.2 (-0.5) MLC + BERT | 29.3 (-0.3)
(a) newstest2017 (b) newstest2020

Table 7: BLEU scores after filtering the sentences having at least one negative term.

A.2 Direct Evaluation of Homograph Disambiguation

testset precision | recall | f-score
newstest2017 76.17 56.64 64.97
newstest2020 66.92 79.90 | 72.84

Table 8: Evaluation table for homograph disambiguation task. Since there is no gold labels, predicted labels are
compared against the artificially created labels.

B Qualitative Comparison of Translation Systems

Type of error
EN

RU
baseline

LC

MLC+BERT

Comment

Hallucination after correct translation

It was earlier reported that capital CSKA player Konstantin Kuchaev spoke out against the introduction of
VAR (Video Assistant Referee).

Panee coobmainocs, uro ¢pyréonuct crommynoro [ICKA Koncrantin Kydaes Bricka3aics IpOTHB BHEIPCHUS
VAR.

Panee coobmanocs, uto cronnunelii urpok LICKA Koncrantun KyuaeB BeicTynmiI npotus BBeneHust BAP
(BHIICO TOMOIIIHHKA CYIbH).

Panee coobuianock, yto cronnuHslii urpok LICKA Koncrantun Kyuaes BicTynui npoTus BBeneHust BAP
(BHIEO ITOMOIIHUKA CYJbH, KOMOPbIl 2080PUL O MOM, YUMo apoumpy 0okaade He yOanoch GbICHYRUMb C
pedepu.

Panee coobmanocs, uro cronuunslil urpok [ICKA Koncrantun Kyuaes BelCTynmI npoTuB BBeaeHus: BAP
(BHIICO TIOMOIITHHKA CYIBH).

The LC model generates a string after comma (marked in italics) that does not occur in the source text nor
meaningful in the context. It happens because the lexicon prescribes to translate report” as a noun meaning
”an account given of a particular matter” ooxrao, while the source actually has a homograph verb to report”.
The LC model generates a correct translation and proceeds to hallucinate till it finally produces a sentence with
“areport”. It leads to not only longer nonsensical output but also to longer inference time. The homograph
disambiguation (MLC + BERT) correctly marks “report” as a non-term, thus, preventing the model to force a
constraint on this sentence

Type of error
EN

RU
LC
MLC+BERT

Comment

Hallucination with a grammatically correct sentence

As reported by Chempionat, the 41-year-old specialist flew into Moscow to weigh up the possibility of working
at one of Russia’s clubs.

Kak coobmaer “Yemnuonat”, 41-eTHuil cenuanuct npuwierel B MOCKBY, YTOOBI H3yYUTh BO3MOXKHOCTh
HaiTu paboTy B KaKOM-HUOYIb POCCHIICKOM KITyOe.

Kaxk coob6maer Chempionat, 41-ctapslii cienuanicT BeiieTea B MOCKBY, 4YTOOBI B IOKJIaJie MPOAHATN3UPOBATH
BO3MOXHOCTH PabOTHI B OJTHOM U3 POCCHICKUX KIIyOOB.

Kak coobmaer Chempionat, 41-neTHuil crienuamict BeuieTed B MOCKBY, YTOOBI B3BECUTH BO3MOXKHOCTH
paboThI B OTHOM M3 POCCHUCKUX KITyOOB.

As in the previous example, the LC model forces to use the homograph noun ”a report” to be a translation
of the verb ’to report”. Unlike the example above, the model does not produce a correct translation at any
point and generates a sentence with an entirely different meaning: ”As reported by Chempionat, the 41-year
old specialist got on a flight to Moscow to analyse in his report possibilities of working at one of Russia’s
clubs.” This kind of translations are particularly dangerous, as it would be extremely difficult for a native
speaker without looking at the source to detect that the translation completely fails to convey the meaning. The
homograph disambiguation solves this problem and the translation is correct.

Type of error
EN

Hallucination with an ungrammatical sentence
Documents obtained by the publication, reveal that the owners of TikTok (ByteDance company) with the help
of their app are promoting Chinese foreign policy goals overseas.
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RU

baseline

LC

MLC+BERT

Comment

B nokymeHTax, oka3aBLIMXCs Y M3JaHusI, pacckasbiBaercs, uro Biazenen TikTok (kommnanus ByteDance) ¢
MOMOLIBIO TIPHIIOXKEHHUS TIPOJIBUTAET LEJIM BHEIIHeH nonuTuky Kutas 3a pyGexom.

JlokyMeHTBI, ToNyYeHHbIe MyOInKauei, moka3sBatoT, uyTo Braaensipl TikTok (ByteDance company) ¢
MIOMOIIBIO CBOETO MPUJIOKEHHS IPOJIBUTAIOT KUTaHCKHE BHELTHEIIOIUTHYESCKHUE 1IENH 32 PyOeKOM.
3apyOeXHBIX HMHOCTPAHHBIX BIJIQJENBIEB IIOMOYb CIOCOOCTBOBAThH Mokaszarh Ieneid kommanmn TikTok
(ByteDance company), HOJIy4eHHYIO B pe3yJIbTaTe MyOIUKaluH, B IPHIOKESHUH.

JIOKYMEHTBI, TOJy4YeHHBIC M3JaHHEM, MMOKa3bIBalOT, 4To Biaxenblbl kommanuun TikTok (ByteDance) c
MOMOLIBIO CBOETO TIPUIIOKEHUS TPOJIBUTAIOT KUTAWCKUE IIEJIH BHEIIHEH MOJUTUKH 32 PYOSIKOM.

The LC baseline forces to translate foreign as unocmpannwviii which is not applicable in this context. The LC
baseline generates a nonsensical sequence of words. This type of error is less harmful that the one described
above as a native speaker can immediately spot that translation is incorrect. The MLC+BERT solves this
problem and the translation is correct.

Type of error
EN

RU

baseline
LC+BERT
MLC+BERT

Comment

A wrong wordform as lexical constraint

Documents obtained by the publication, reveal that the owners of TikTok (ByteDance company) with the help
of their app are promoting Chinese foreign policy goals overseas.

B okyMeHTax, OKa3aBLUIMXCs Y M3JIaHMs, pacckasbiBaercs, uro Biajenen TikTok (komnanus ByteDance) ¢
IIOMOUIBIO NPUJIOKEHUA MIPOABUTACT 1IN BHeLL[Hei’I TIOJIMTUKH KI/ITaﬂ 3a pyGG)KOM.

JlokyMeHTBI, ONTyYeHHbIe MyOIMKauei, moka3pBatoT, 4yTo Braaenbibl TikTok (ByteDance company) ¢
MOMOIIBIO CBOETO TIPUIIOKEHUS TIPOIBUTAIOT KUTAHCKNE BHEIIHETIOIUTHYECKHE LIETHN 32 PyOemoM.
JlokyMeHTBI, TOTy4eHHBIE U3JaHUEM, MOKa3bIBAIOT, 4To BJaeabueB kommanuu TikTok (ByteDance) c
[IOMOLIBIO CBOETO MPUIIOKEHHS MPOJBUTAIOT KUTAHCKUE BHELIHETIOMUTHYECKUE LIENeH 3a PyOeiKOM.
JIOKYMEHTBI, MOJTy4YeHHbIe M3/IaHUEM, IOKa3bIBaloT, 4To Biaageabubl komnanuu TikTok (ByteDance) c
IIOMOIIIBIO CBOETO MPWJIOKEHHUS IPOABUTAIOT KUTANCKKE 11€IM BHELTHEH NOJUTUKY 32 PyOeKoM.

The error described in the previous example was resolved by the homograph disambiguation. However, the
LC + BERT model produced a grammatically incorrect translation as the constraint for word “owners” was
given in a wrongly inflected form of Genitive plural BragensuneB . The MLC+BERT solves this problem
by providing a list of inflected forms and the result is a correct translation of the word in Nominative plural.
Interestingly, the reference translation is incorrect and translates “owners” as singular nominative “owner”.
BJIaJIeJIbIIbI.

Type of error
EN

RU

baseline

MLC+BERT

Comment

Inconsistent terminology usage in the test set

Roman Zaripov, founder of the Our Digital agency, agreed with Bogdanov: ”The main rules for TikTok users
are listed in the user agreement: no posting shocking content, discriminatory rhetoric and so on.”

C BornanoBeM cornamiaercst ocHoBatelns arenTcTBa Our Didgital Poman 3apunos: ”OcHOBHBIe TIpaBHIIa JUIs
nonb3oBareneid TikTok nepeducisieT B MOJIb30BATEILCKOM COIIAIICHUN: HElb3s BBIKIIAIbIBATH LIOKUPYOLIHIT
KOHTEHT, JUCKPHUMUHUPYIOIIKE BEICKA3bIBAHUS U TaK aaiee’”.

PomaH 3apurnoB, OCHOBaTE b HALIEro HHU(GPOBOrO areHTCTBA, COIVIACHICS ¢ BOrIaHOBBIM : “OCHOBHBIE
npasuna Juist nons3osarernei TikTok nmepedrciieHs! B MOIb30BaTENBCKOM COINIALICHHN: HUKAKOTO Pa3MEICHNU
[IOKUPYIOLIEr0 KOHTEHTA, TUCKPUMHUHALIMOHHON PUTOPUKH U TaK Janee”.

PomaH 3apurioB, OCHOBaTellb HalIero HU(POBOro areHTCTBa, COryiacuiics ¢ BOraHoOBBIM @ “TJIABHBIMH
npasuiiaMu uts nosp3oareneil TikTok sBISIOTCS OIb30BAaTENBCKUE COMIIALICHNS: HUKAKOTO Pa3MEeIleHUs
IIOKUPYIOLIET0 KOHTEHTA, TUCKPHMHUHAIIMOHHON PUTOPUKH U T.1”..

Both baseline and MLC + BERT produced correct translations. Word ”main” is prescribed to be translated as
raaBHbIi by our terminology. However, in the baseline it is translated with a negative term ocHoBHoOi#i while
both translations are correct, the BLEU score for our model will be penalized for using a synonym of a word
used in the reference translation.

Type of error
EN
RU

baseline

MLC+BERT
Comment

Insufficient coverage by the lexicon

This historic trajectory cannot be stopped by anyone or any force, said Xiaoguang.

Ora uctopuyecKas TCHACHILNS He MOKeT ObITh OCTAaHOBJICHA HUKEM M HUKaKUMHU CHUJIaMH, ITOJYepKHYI Ma
CsoryaHn.

OTa UCTOpUYECKash TPACKTOPHS He MOKET OBbITh OCTAHOBJICHA HH KEM WJIM KaKOH-TMOO cHIIoif , ckaszan
CsoyryaHs.

DTy HCTOPHYECKYIO TPACKTOPHIO HeJIb3s1 OCTAHOBHTH HUKEM WIIM KaKoH-1n0o0 CHitoi, ckasan CsoyryaHs.
The lexicon only includes Heaw3si as a positive term and HeB03MO:KHO as a negative term. The Russian
phrase He Mo:keT ObITH is a valid translation but was not included in the Russian WordNet. While the
homograph disambiguator correctly labelled the ’cannot” as a term, it was not labelled as a positive term in
the test data as neither positive nor negative term was aligned to it. This is a reason why we believe that the
evaluation against the random baseline MLC+BERT ;,4om (Tab. 5) is more reliable than a mere f-score on the
test set.

Table 9: Examples of various errors that were identified during qualitative analysis
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