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Abstract
Proper treatment of terms is an important and critical aspect in machine translation. It is therefore necessary to
use appropriate metrics to evaluate MT system outputs from terminology perspective. However, despite the great
improvements witnessed in the recent NMT and LLM models, MT system evaluation metrics that shed light on
specific aspects of term translations are yet to be fully explored. In this paper, we propose CoTERM, a new metric for
automatic evaluation of term translations based on the Herfindahl-Hirshman Index (HHI). CoTERM measures target
term closeness to one or more reference translations, taking into account the fundamental criteria for translating
terms, i.e. (i) accuracy; (ii) consistency at document or corpus levels; and (iii) appropriateness to the domain
conventions with regard to term variations. The proposed metric correlates strongly with human raters, and empirical
evaluations of a wide range of NMTs and LLMs show that the best MT systems in standard metrics are not necessarily
the best at treating terms. CoTERM is thus shown to be highly useful for diagnosing MT systems’ term translation

performance and conveniently seen as complementary to generic measures for MT system evaluations.
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1. Introduction

Common evaluation metrics for MT systems
and MT tasks are essential for understanding
and diagnosing the performance of NMTs and
LLMs'. Generic evaluation metrics such as BLEU,
BertScore or COMET have contributed greatly to
the development of MT systems. As the perfor-
mance of MT systems has improved, more fine-
grained metrics are needed to evaluate specific
aspects of translations.

Treatment of technical terms is one such aspect.
Inconsistent use or mistranslation of terms may
cause serious problems (Ambrozi¢ et al., 2010;
Karwacka, 2014). The importance of terms is well
recognized in the translation industry. The MQM
error typology widely used in translation industries
lists term translations, including proper use of terms
with respect to reference terminologies, as one of
the top-level error types (Lommel et al., 2014)2.

In the evaluation of MT systems, shared tasks
focusing on terminology translations have been
carried out recently and metrics for evaluating term
translations have also been proposed (ibn Alam
et al., 2021b; Semenov and Bojar, 2022; Semenov
et al., 2023). While this work covers important as-
pects of term translations, there is room for further
elaboration, e.g. the use of reference terminologies
and diagnosis of term translation consistencies.

Against this backdrop, we propose CoTERM, a
metric and a framework to evaluate MT systems on

"Henceforth “MT systems” for simplicity.
2See MQM typology at: https://themqm.org/

their ability to translate terms. CoTERM is based
on Herfindahl-Hirshman Index (HHI) (Herfindahl,
1950; Hirschman, 1945), a widely-used market con-
centration measure, and covers essential criteria
for term translations: (i) accuracy; (ii) consistency
at the document or corpus levels for correct and
incorrect translations; and (iii) appropriateness to
domain conventions with regard to the flexibility and
rigidity of term variations.

Table 1 gives examples that CoTERM is to typ-
ically evaluate. The contributions of this work in-
clude: 1) new metric and a methodology for term
translation evaluations; 2) an empirical evaluation
of term translations of a wide-range of MT models in
English-French, English-Japanese and Japanese-
English; 3) a Github?® to facilitate the reproduction of
our results and the application of CoTERM to other
datasets, and 4) a web-based interface for human
raters to make terminology-focused annotations
and evaluations of MT system outputs.

2. Related Work

We recently witnessed a growing interest in the
proper treatment of terms in MT research (Crego
etal., 2016; Post et al., 2019; Semenov et al., 2023;
Kim et al., 2024). In this situation, metrics that
reflect requirements for treating terms are essential.

The standard generic MT evaluation metric is
BLEU (Papineni et al., 2002). Other metrics were
also proposed. The Word Error Rate (WER), orig-
inally used in speech recognition (Woodard and

Shttps://github.com/termview/CoTERM
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Type

Example

Src (En) On Wednesday, the World Health Organization (WHO) declared the ongoing outbreak of COVID-19 —
the disease caused by coronavirus SARS-CoV-2 — to be a pandemic.

Tgt (Fr) Mercredi, 'Organisation mondiale de la santé (OMS) a qualifié 'épidémie en cours de COVID-19 (la
maladie provoquée par le coronavirus SARS-CoV-2) de pandémie.
Transf  Mercredi, 'Organisation mondiale de la Santé (OMS) a déclaré que I'éclosion actuelle de COVID-19 de

la maladie causée par le coronavirus CoV-2 SRAS) était une pandémie.

Src (En) By converting the phase detected by such a method to angle of projected sheet beam, there can be
obtained three-dimensional shapes of the object in real time.

Tot(Ja) SS5LT, MBIy — NE—LOBEICERT 52 EI(LL 0D, MR OIRTTIAHR IR
FETELON%.

Gemma2 Z MAETHREINIMEREE NIy — e —LOBEILEBRT 5 ET. UTLY A LTHE
YOIRTTREFT S EMTES.

Table 1: Examples in English-French and English-Japanese. Type: Src and Tgt respectively represent
the source and its target reference. MT: Transf (Tiedemann, 2020) and Gemma2 (Team, 2024). Correct
translations are shown in green, acceptable translations in blue, and wrong translations in red.

Nelson, 1982; Morris et al., 2004), computes the
edit distance between the reference and the pre-
dicted sentences. METEOR (Banerjee and Lavie,
2005) is based on the harmonic mean of unigram
precision and recall. More recently, semantic sim-
ilarity measures such as BertScore (Zhang et al.,
2020) and COMET (Rei et al., 2020) were proposed,
which showed strong correlation with human trans-
lations. Kocmi and Federmann (2023b) introduced
GEMBA: a GPT-based evaluation metric that uses
prompting techniques to detect translation errors
without the need for reference translations.

Several metrics for evaluating term translations
by MT systems were introduced. ibn Alam et al.
(2021a) adopted Exact Match (EM) accuracy, Win-
dow Overlap (WO), and Terminology-biased trans-
lation Edit Rate (TERy;). EM is a standard aggre-
gate accuracy over each termin the test set. To take
into account the place of terms, WO takes a window
of n (often two or three) tokens around the term
for both hypothesis and reference, and calculates
the percentage of common tokens. Terminology-
biased translation Edit Rate (TERy;) uses the edit
distance (Snover et al., 2006) and penalizes errors
of term tokens. Abe (2023) is in line with ibn Alam
et al. (2021a). Semenov and Bojar (2022) intro-
duced a metric that evaluates term consistency. It
is defined based on the lists of translated term can-
didates and of pseudo-reference terms. Various
metrics can be applied to the lists. They proposed
a metric based on the percentage of correct term
occurrences for each source term (we will refer to
this metric as “TC”). It was used in a shared MT
task with terminologies (Semenov et al., 2023).

In terminology and translation studies, it is es-
tablished that the treatment of terms needs to sat-

isfy the following criteria: (i) proper terms should
be used (accuracy);(ii) the same terms should be
used consistently within a document or a set of
documents (consistency)?*; and (iii) a limited range
of variations is allowed to facilitate smooth commu-
nication (Felber, 1984; Rogers, 1997). In human
translation, reference terminologies are essential
with regard to the criteria (i) and (ii). In evaluat-
ing MTs, Semenov and Bojar (2022) addresses
consistency, i.e. the criterion (ii), basically under
an assumption that there is a single correct term
translation for each term.

To evaluate the consistency of terms in hu-
man translations, Itagaki et al. (2007) introduced
a metric called Consistency Index based on the
Herfindahl-Hirshman Index (HHI), a widely-used
market concentration measure (Herfindahl, 1950;
Hirschman, 1945; Rhoades, 1993), and evaluated
the consistency of terms in an English-Japanese
corpus. Gaspar et al. (2022) also applied the
HHI-based metric to measure the consistency
of terms in Croatian—English, Latin—English and
Latin—Croatian corpora of legal documents. These
measures take into account the existence of more
than one correct translation. As of now, this ap-
proach has not been adopted to evaluate term
translations by MT systems. CoTERM is defined
based on HHI. The formal definition of HHI and how
CoTERM incorporated HHI are given in the next
section.

“The MQM typology (https://themgm.org/) gives
two types of inconsistencies, i.e. inconsistency with a
given glossary and inconsistency within a document. The
former corresponds to accuracy here.
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3. Proposed Method

We propose CoTERM, an HHI-based metric (Ita-
gaki et al., 2007) and a methodological framework
to evaluate MT systems’ term translation perfor-
mance. CoTERM incorporates the three criteria
(i)-(iii) for treating terms given in Section 2. While
these criteria can be evaluated separately, it is im-
portant to define a unified metric, because these
criteria are interrelated in the MT setups.

CoTERM assumes reference translations, which
is common in automatic MT evaluation. Reference
list of terms are also assumed, either as bilingual or
multilingual terminologies, following the established
procedure in human translation, or as annotations
in the corpus. This differs from Semenov and Bo-
jar (2022), which aims at making the process as
automatic as possible. We provide scripts that fa-
cilitate the use of terminologies in the application of
CoTERM. Also, CoTERM is based on HHI while the
consistency measure proposed in Semenov and
Bojar (2022) is based on the percentage of correct
occurrences for each term and uses F1 score in
Semenov et al. (2023).

3.1.

Herfindahl-Hirshman Index (HHI) (Herfindahl, 1950;
Hirschman, 1945) is a market concentration mea-
sure (Rhoades, 1993), defined as:

HHI = "(MS;)? (1)
i=1

where MS,; represents the market share percent-
age of firm ¢ and n represents the number of firms
competing in the market. HHI takes values from 0
(perfect competition) to 10,000 (perfect monopoly).
Using an English-Japanese parallel corpus of
software user interface (Ul) strings, Itagaki et al.
(2007) adapted HHI to evaluate the consistency of
translations of terms across 104 products within
a corpus of 300K sentences. They calculated the
consistency of the translation of terms such as Web
server and Value type in products including Visual
Studio, .NET Framework, SQL Server, Outlook, etc.
The market share (MS;) of a firm ¢ in HHI be-
comes the translation share of a translation ¢ of
a source term ¢, and n becomes the total number
of different translations of ¢. Therefore, n different
translations are competing for gaining the share of
the translations of the occurrences of ¢. To evalu-
ate the consistency of translations of a given term
t across p products, Itagaki et al. (2007) defined

Consistency Index (C;) as follows:

c =1 ZZ(]{— x 100)? (2)
p j

j=11i=1

HHI and the Consistency of Terms

where each translation share i in a product j is
calculated as the ratio of its frequency f; to the

total translation occurrences k; (= Y., f;) in j.
Gaspar et al. (2022) extended C; and proposed a
mean average consistency over a set of 100 terms®.
Itagaki et al. (2007) concluded that the consis-
tency index can be effectively used for quality assur-
ance of translation data. When the consistency is
high, it can also be used as an indicator of transla-
tion stability. Hence, high consistency score should
save time for translators as it indicates to simply
follow existing translations identified in old data.
Low consistency however, indicates that transla-
tors should not choose one of existing translation
variations, on the contrary, they should carefully
examine the context in which the term is used.

3.2. HHl and MT

Both Itagaki et al. (2007) and GaSpar et al. (2022)
applied HHI to human translations, in which all
translated terms were assumed to be correct. To
evaluate MT systems, on the other hand, it is essen-
tial to take into account incorrect term translations.
C;, however, tends to overestimate term con-
sistency when incorrect translations exist. Let us
consider an extreme example where the English
term ‘outbreak’ has two French correct transla-
tions, i.e. ‘épidémie’ and ‘épidémique’. Suppose
that ‘outbreak’ occurs 88 times in a given corpus,
and that an MT system made the correct trans-
lations ‘épidémie’ 29 times and ‘épidémique’ 1
time. The system also made wrong translations
58 times. C; score, as straightforwardly applied, is
then Coutoreak = (22 x 100)”+ (& x 100)* = 9,355
or 93.35°, while Accuracy o, preax = (255 x 100) =
34.09%. The C; score shows that the consistency
of the MT system is very high (close to perfect
monopoly of ‘épidémie’), while its accuracy is low.
In this situation, it is misleading to conclude that
the MT system performs well in term translations
based on C;. In order to evaluate the quality of term
translations of MT systems, we have to take into
account incorrect term translations, i.e. accuracy.

3.3. Elements of CoTERM Metric

These observations motivated us to develop
CoTERM?, a metric for evaluating MT systems’ per-
formance of term translations that reflects the crite-
ria for treating terms. Here, section 3.3.1 describes
how CoTERM incorporates accuracy in the C; index.
Section 3.3.2 explains how our measure addresses
consistency at the document and corpus levels.
Section 3.3.3 elaborates on appropriateness of the
domain as to the flexibility of term variations. Finally,

®ltagaki et al. (2007) normalized C; from 0 to 100
while Ga$par et al. (2022) normalized C; from 0 to 10.

5When the score is normalized to range from 0 to 100.

7https://gi’chub.com/termview/CoTERM
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section 3.3.4 introduces negative CoTERM which
incorporates consistency of translation errors. We
adopt the annotation CoTERM™ when calculating
the consistency of correct translations while we use
CoTERM~ for when dealing with the consistency
of wrong translations.

3.3.1. Accuracy

We incorporate accuracy to the Consistency Index
(C}) within the MT evaluation setup by making sim-
ple modifications to equation (2): 1) we set the
number of products p to one, as it does not immedi-
ately apply to accuracy in MT evaluation scenario;
and 2) we replace k by [t|, the number of occur-
rences of the source term ¢, which is interpreted as
the total number of translations of ¢ to be found in
the MT result. The CoTERM;" score for a source
term ¢ to be translated is computed as follows:

CoTERM;" = Z(ﬁ x 100)2 (3)
=1
where f; is the frequency of the correct translation i
of term ¢, n is the total number of correct translations
of ¢ found by the MT system, and & is replaced by
|t| to include the missing correct translations.

How |¢| incorporates accuracy to original C; can
be shown by using Example 1, which illustrates: 1)
three English source sentences (S1, S2, S3); 2)
their corresponding reference translations in French
(R1, R2, R3); and 3) the MT translation candidate
outputs (C1, C2, C3). The source terms are marked
in bold. The correct translations are underlined and
the wrong translations are strikethrough.

Given the term spread which appears 3 times
in S1, S2 and S3 (|t| = |spread| = 3). We observe
that it has been correctly translated by propaga-
tion in C1, and by diffusion in C2. It was however
wrongly translated by dissemination® in C3. As C;
addresses consistency of correct translations only,
the factor n, which is the set of correct translations,
will be composed of propagation and diffusion and
their total frequency is £ = 2. By computing C;:
Cepread = (& x 100)” + (2 x 100)* = 5,000 or 50°.
But this does not tell anything about the missed
translation of spread in the third sentence. By tak-
ing into account accuracy, we obtain a new score re-
flected in COTERM™ as follows: COTERM{ =
(3 x100)% + (3 x 100)? = 2222, 22 or 22,22°. In this
case, CoTERM™ score reflects both consistency
of correctly translated terms and the accuracy by
including the wrong translation dissemination in the
score computation. In line with Gaspar et al. (2022)
and in order to evaluate MT systems over a list of

8We assume that dissemination is a wrong translation
in this explanatory context.
SWhen the value is normalized between [0, 100].

Example 1:

S1 The spread of covid-19 keeps increasing.

R1.| La propagation du covid-19 ne cesse
d’augmenter.

La propagation du covid-19 continue
d’augmenter.

The WHO supports the spread of clean
technologies.

LOMS soutient la
technologies propres.

N

diffusion de

LOMS encouragent
technologies propres.

The WHO has declared that the ongoing
outbreak of covid-19 is a pandemic with
high spread.

LOMS a declaré que I'épidémie en cours
du covid-19 est une pandémie avec un
risque élevé de propagation rapide.

L'OMS a déclaré que ¥éelesion-en-cours du
covid-19 était une pandémie avec une forte

la diffusion de

2 [s] B [# 9]
el IR AN B AR I A B e

w

H
w

g
w

source terms (7)) to translate, the overall CoTERM;-
is given by:
1 T
CoTERM}. = 7 > " CoTERM;/ (4)
t=1
where T is the number of different source terms ¢ to
translate. In Example 1, T' = 6, the overall Cy = 75
and the overall CoTERM;. = 70.37.

3.3.2. Consistency

When evaluating MT systems, it is important to con-
sider consistency at different levels. ltagaki et al.
(2007), for instance, addressed consistency at the
product level. To provide opportunities for finer-
grained analyses, we generalize this concept and
propose a parametrized metric for which the evalu-
ator can define the segment that fits the purpose of
the study. The segment can be a paragraph, a doc-
ument, a set of documents, the entire corpus or any
meaningful range of data. The metric, CoTERM™,
is based on the computation of CoTERM. over a
set of segments (5) as follows:

Ts ns

S
CoTERM* = Z Z

= Stlzl

2L % 100)2|  (5)
Itl

where T is the number of source terms within the
segment s and n; is the number of its correspond-
ing correct translations found by the MT system. If
S =1, equations (4) and (5) are equivalent and the
test set is treated as a single document.
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3.3.3. Appropriateness

Terms are by essence bound to a specific domain,
and their treatment in translations should follow
rules and conventions of the domain'®. In principle,
the same form of terms should be used consis-
tently, but in some cases several target terms can
be accepted as correct translations. Linguistic phe-
nomena including morpho-syntactic variations such
as partial abbreviations, derivations or inflections
should be taken into account as well (Fernandez-
Silva and Kerremans, 2011; Freixa, 2022).

To cover these phenomena, we define the ap-
propriateness of term translations that reflects the
degree of rigidity or flexibility in term translations
accepted in context and in domain. In a rigid eval-
uation scenario, we limit the admitted reference
translations to a restricted list of terms defined by
relevant experts. This often corresponds to a one-
to-one reference translation pairs. In a flexible sce-
nario, the list of acceptable terms is extended based
on relevant criteria to include such variations as
synonyms, term inflections, etc. For instance, the
English term ‘infected’ can have several possible
translations in French, i.e. the noun ‘infection’, the
singular verb ‘infecté’, the feminine verb ‘infectée’,
etc. The rigid scenario limits the correct term only
to, e.g., ‘infecté’, while the flexible scenario takes
into account possible variants that can be consid-
ered acceptable depending on the occurrences.
CoTERM™ in the rigid scenario, i.e. CoTERMf, is
then given by setting ¢ in equation (5) to one as:

1 & ft
— (><100)2] (6)
T ; It]

CoTERMT in the flexible scenario, i.e. CoTERMf,
is equivalent to equation (5).

S
1
+ _
CoTERM; = ¢ > 1:

3.3.4. Negative CoTERM

In evaluating and diagnosing the performance of
MT systems, it is essential to take into account pat-
terns of errors. In order to diagnose the weakness
of MT systems, we observe whether the erroneous
terms are generated consistently or randomly. As-
suming a segment being one document (S=1), we
define negative CoTERM, which measures the con-
sistency of errors, as:

T n
CoTERM™ = %ZZ(; x 100)2  (7)

where T is the number of source terms and n is the
number of its erroneous translations.

®The French term dissemination is a possible transla-
tion of spread, but in Example 1, it is a wrong translation
in the context of the pandemic.

Example 2:

The WHO has declared that the ongoing
outbreak of covid-19 is a pandemic.

[LOMS a declaré que] I'épidémie [en cours
du covid-19] est une pandémie.

[LOMS a déclaré que] ¥éelesion [encours
du covid-19] était une pandémie.

The detection of erroneous translations is illus-
trated in Example 2 where the term ongoing out-
break in S, was wrongly translated by ¥éelesion
en-eeurs in C. Using our heuristic algorithm, the
wrong translation can be identified based on the
longest common chunks between the reference (R)
and the MT system prediction (C). The chunks in
red: "LOMS a déclaré que" and "du covid-19 était"
act as boundaries to extract the translation error.
We assume the existence of at least one common
chunk between R and C. In cases where wrong
translations can not be detected, the percentage of
missing terms is reported as additional indicator'!.

3.4. Integrated CoTERM

We define here an integrated metric CoTERM,
based on CoTERM* and CoTERM~. A natural way
is to take a linear combination of these two. The
choice of coefficients is theoretically an important
issue, and different possibilities exist. We adopt a
theoretically radical viewpoint and set up a dividing
condition based on the relation between the con-
sistency of correct translations and the consistency
of incorrect translations. If the former is larger, we
reward the consistency of incorrect translations,
while if the former is smaller, we penalize it. Based
on this dichotomy, by denoting « = CoTERM™' and
b = CoTERM™, the integrated CoTERM is repre-
sented as follows:

ifa>b
ifa<b

(a+Db)

(a—1) (8)

CoTERM = {

D= N[

CoTERM ranges between -100 to 100, where 100
means perfect consistency in term translation with
no errors and -100 means consistent errors with
no correct translations. Positive sign of CoTERM
(e > b) means high consistency of correct transla-
tions and errors. Negative sign of CoTERM means
the system is more consistent in making errors
than producing correct translations. The sign of
CoTERM is thus a strong indicator to diagnose, at
the same time, system performance with regard to
correctness and errors in term translation.

""This percentage is very low in our experiments.
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4. Experimental Setups

We carried out a set of experiments for English-
French, English-Japanese and Japanese-English.
We focus on English-French and English-Japanese.
Experiments on the Japanese-English direction are
reported in the appendix A.3.

4.1.

For English-French, we used the Tico-19 test set
used in WMT 2021 for terminology evaluation'?.
The Tico-19 benchmark includes 30 documents
(3,071 sentences) translated from English into 36
languages'®. The test set consists of 2,100 par-
allel sentences with terminology annotations. For
English-dapanese, we used a test set provided in
the Workshop on Asian Translation (WAT)'4. The
test set was from the ASPEC-JE Parallel corpus'®
(Nakazawa et al., 2016), which contains abstracts
of 24 scientific domains. Unlike Tico-19, ASPEC
does not have a consolidated document level and
does not provide terminology annotations. We au-
tomatically annotated the occurrences of terms in
the test set using a number of terminological re-
sources in various fields including various science
domains, technology (Kotani and Kori, 1990), infor-
mation (Aiso, 1993) and economics (Nikkei, 2000),
and then made them validated by a knowledgeable
annotator. This led to a list of 1,300 sentences with
term annotations.

The number of occurrences and the number of
distinct terms are given in Table 2.

Data

Test set # Terms # Distinct
Tico-19 (En) | 2,557 215
Tico-19 (Fr) | 5,879 324
ASPEC (En) | 4,288 2,397
ASPEC (Ja) | 5,656 2,899

Table 2: Statistics of Tico-19 and ASPEC tests.

4.2. NMTs and LLMs

For English-French we evaluate six NMT models
including two transformers: transformer.wmt14.en-
fr (Transf) and OPUS-MT (Opus) (Tiedemann
and Thottingal, 2020), three convolutional mod-
els: conv.wmti4.en-fr (Conv) (Gehring et al.,
2017), Lightconv.glu.wmti4.en-fr (LightC) and
dynamicconv.glu.wmt14.en-fr (DynC) (Wu et al.,
2019a) and the multilingual model NLLB (NLLB
Team et al., 2022). We also evaluate seven LLMs:

12https ://tico-19.github.io/

13 Japanese is not among these 36 languages.
“https://lotus.kuee. kyoto-u.ac. jp/WAT/WAT2020
15https ://jipsti.jst.go. jp/aspec

T5-Large (T5-L) (Raffel et al., 2020), MBart (Liu
et al., 2020), M2M100 (Fan et al., 2021), Madlad
(Kudugunta et al., 2023), Llama4 (Touvron et al.,
2023), Gemma3 (Lieberum et al., 2024) and Qwen2
(Yang et al., 2024). For English-dapanese we
use four transformers: Fugumt and Tako (Junczys-
Dowmunt et al., 2018), Tatoeba (Tiedemann, 2020)
and Wide-En-X (W-X) (Tran et al., 2021a). The
used LLMs are the same except for T5-L which is
replaced by Gemmaz2. For each LLM, we chose
the best version based on BLEU.

4.3. Evaluation Metrics

As standard metrics, we use BLEU and charac-
ter n-gram F-score (chrF) (Popovié¢, 2015), as well
as word embedding metrics: BertScore (Zhang
et al., 2020) and COMET (Rei et al., 2020). For
terminology-oriented evaluation, we use the Exact
Match accuracy (EM), Window Overlap (WO2)'®
(ibn Alam et al., 2021a) and F1 and TC (Semenov
etal., 2023). Finally, we use our proposed CoTERM
metric at the document and corpus levels.

5. Results

Table 3 shows the results of NMT and LLM mod-
els on the Tico-19 (En-Fr) test set. Overall, in
both generic and term-based metrics, LLMs mod-
els show better results than NMT models (Except
NLLB and Transf). NLLB significantly'” outper-
forms other models with BLEU score of 48.20. Ac-
cording to BLEU and BertScore, NLLB is ranked
first, closely followed by Llama4. Other sentence-
level metrics give different rankings. COMET
ranked Gemma3 first and Madlad second while
chrF ranked Llama4 first followed by Gemma3 with
a thin margin. Regarding term-based measures,
EM and WO2 agreed that Llama4 and NLLB are
the two top MT systems but in a reverse order. The
same observation can be made for F1 and TC but
this time for Llama4 and Gemma3. We also ob-
serve differences in rankings between sentence-
based and term-based metrics for LLMs and NMT
that have little difference in BLEU. At the corpus
level CoTERM; and CoTERM, agreed to rank

Llama4 first and Madlad second. CoTERM7 at the
document level also ranked Llama4 first, though
Gemmag3 is given a second position. CoTERM;r is
basically in line with its flexible version though the
order of top two is in reverse. It is also interesting to
note differences in consistency between document-
based and corpus-based values. At corpus level,
T5-L shows better COTERM," than MBart, while
the contrary happens at the document level. If we

®We only report it for English-French data as
Japanese is not handled.
7See Table 7 for significance test.

8644


https://tico-19.github.io/
https://lotus.kuee.kyoto-u.ac.jp/WAT/WAT2020
https://jipsti.jst.go.jp/aspec

En — Fr
NMT LLM
Transf Conv LightC DynC Opus NLLB| T5-L MBart M2M Madlad Llama4 Gemma3 Qwen2
3B |770M 610M 1B 7B 109B 27B 7B

BLEU 4294 28.23 36.94 29.18 44.00 48.20|41.71 40.66 42.21 4552 4745 47.43 36.36
chrF 68.06 62.53 65.94 64.43 69.04 72.22|66.32 67.05 62.24 70.96 7191 71.92 64.94
BertScore |90.79 90.66 90.68 90.84 91.13 91.89|90.69 90.56 90.67 91.23 91.77 91.60 89.44
COMET 86.06 85.22 85.66 85.95 85.98 87.28|85.88 85.45 85.93 87.56 87.46 87.89 83.60
EM 85.60 83.94 81.83 81.11 91.64 96.00(85.68 92.25 94.69 9554 96.31 9579 89.26
WO02 20.36 20.16 20.05 20.38 20.18 25.31|20.22 20.90 22.71 23.38 24.79 2427 20.37
F1 72.70 7426 71.99 71.45 76.26 87.01|70.62 76.65 84.20 81.54 87.28 88.85 79.97
TC 65.52 56.06 63.12 61.59 65.97 68.42|60.85 58.03 61.74 70.42 7255 71.01 55.76
CoTERM]T 67.02 56.25 62.79 61.39 67.79 74.08(61.21 60.36 64.51 74.44 75.93 72.20 55.11
CoTERM," |56.68 45.70 52.10 51.62 56.15 62.06|52.15 50.66 53.75 62.26 64.04 61.07 47.42
CoTERde 77.04 66.97 73.18 71.93 80.32 83.80(74.85 77.61 81.50 84.12 84.82 84.48 73.77
CoTERM, d | 68.06 58.51 63.70 65.72 69.87 75.44|65.18 68.55 73.61 74.69 76.21 76.79 66.77
CoTERM™ |30.62 31.50 34.26 33.07 43.85 41.26|34.49 25.46 35.07 41.58 4266 46.45 34.81
CoTERM; |48.82 43.87 48.52 47.23 55.82 57.67|47.85 42.91 49.79 58.01 59.29 59.32 44.96
CoTERM, |43.65 38.60 43.18 42.34 50.00 51.66|43.32 38.06 44.41 51.92 53.35 53.76 41.11
CoTERM/d | 53.83 49.23 53.72 52.50 62.08 62.53|54.67 51.53 58.28 62.85 63.74 65.46 54.29
CoTERM,.d | 49.34 45.00 48.98 49.39 56.86 58.35|49.83 47.00 54.34 58.13 59.43 61.62 50.79

Table 3: Results of the evaluation of NMTs and LLMs on the Tico-19 test set for English-French. The best
models are in bold, and the second bests underlined.

look at CoTERM~, which measures the consistency
of errors, we see that Gemmas3 is the most con-
sistent model in making errors while MBart is the
most inconsistent. We also note that Opus is the
second best consistent model for errors. The inte-
grated CoTERM that takes into account both correct
and incorrect consistencies show more agreement
between corpus- and document-levels by ranking
Gemmag3 first and Llama4 second. Finally, if NLLB
is the best system based on BLEU, it is not the best
at handling terms as it is outperformed by Gemmag3,
Llama4 and Madlad as shown by CoTERM.

Table 4 reports the results of experiments on the
ASPEC (En-Ja) test set. Overall, the results are
much lower than En-Fr in all the metrics, which
shows that translating from English to Japanese
is a more difficult task than translating from En-
glish to French. We first note similar BLEU scores
for Fugumt and W-X, with no significant difference.
Except for BLEU and chrF, existing embedding
and term-level measures ranked W-X first. There
is, however, a disagreement in the second best
system. BertScore, F1 and TC ranked Llama4 at
the second position while COMET and EM ranked
Gemma3. Our positive flexible and rigid CoTERM
measures are in line with most of the measures
by ranking W-X first. However, CoTERM}r shows
that Fugumt is the second best model. Regard-
ing CoTERM—, we see that M2M is the most con-
sistent model, followed by Tako. W-X is ranked
fourth. Finally, similarly to BLEU, both CoTERM;
and CoTERM, ranked Fugumt first. Qwen2 is

ranked second. Negative scores of CoTERM in-
dicate that MT systems have higher consistency in
errors while at the same time making more erro-
neous term translations than correct ones.

6. Human Evaluations

In order to observe the status of CoTERM in rela-
tion to human evaluations, we asked three native
Japanese speakers, specialized in translation and
language studies, to judge the subset of Japanese
sentences generated by five systems randomly
extracted from the ASPEC-En-Ja test set. Thus,
1,250 sentences have been annotated '8. All the
raters used the same website made for the eval-
uation, in which system translations are randomly
ordered. All of them saw the sentence sets in the
same order. Three scores are assigned to each
sentence: 1) overall sentence score; 2) rigid term
translation score and 3) flexible term translation
score. Each sentence was rated from 1 to 5: 1
being very bad, i.e. all or most terms are incorrect;
2 bad, i.e. more than 50 percent of the terms are
incorrect; 3 acceptable, i.e. around 50 to 70 percent
of the terms are correct; 4 good, i.e. most terms
are correct; and 5 being very good, i.e. perfect.
Table 5 shows Inter Annotators Agreement (IAA)
in kappa () (Cohen, 1960) and Pearson (Pearson,
1962) correlations for each rater pairs. The IAAs
are high for all the pairs, indicating that the overall

18250 source and reference sentences are paired with
their five translations.

8645



En — Ja
NMT LLM
Fugumt Tako Tatoeba W-X NLLB| M2M mBART Gemma2 Gemma3 Llama3 Llama4 Qwen2
3B | 12B  610M 27B 27B 70B  109B 7B

BLEU 27.53 21.02 11.05 27.30 17.84|14.37 19.21 23.86 23.92 20.98 24.97 23.39
chrF 37.15 3122 21.56 37.97 27.66|26.38 29.99 34.96 35.34 3291 3226 38.24
BertScore | 86.25 84.57 77.87 87.15 82.33|78.86 83.97 85.81 86.21 85.53 86.48 85.98
COMET 88.80 86.30 80.11 90.27 85.60|83.11 86.90 89.82 90.22 89.18 89.77 86.99
EM 92.23 91.10 80.04 93.83 88.51|89.72 91.27 92.12 9249 89.78 92.36 86.23
F1 55.00 51.18 38.50 56.62 47.62|46.81 50.49  55.11 55.63 52.71 55.76 50.80
TC 40.10 35.53 25.87 41.24 32.31|32.13 35.28 39.98 40.26  38.38 40.50 38.03
CoTERMJf 41.28 36.80 26.66 42.17 33.14|33.02 37.07 40.56 40.62 38.39 41.11 36.00
CoTERM;" | 38.83 33.99 23.99 39.78 30.89(30.69 34.21 38.35 38.70 36.26 38.96 35.02
CoTERM™ | 42.17 48.09 40.42 45.95 46.54|50.01 45.60 44.30 43.42 4253 4442 38.67
CoTERM; | -0.44 -564 -6.88 -1.89 -6,70|-8.49 -4.26 -1.87 -1.40 -2.07 -165 -1.33
CoTERM,. | 1,67 -7.05 -8.21 -3.08 -7.82|-9.66 -5.69 -2.97 -2.36 -3.13 -2.73 -1.82

Table 4: NMTs and LLMs results for English-Japanese (Aspec). Best in bold, and second bests underlined.

Kappa () Pearson
A12 A13 A23‘A12 A13 A23

Term level
Flexible
Rigid

Sent level

0.50 0.69 0.50|0.81 0.91 0.82
0.54 0.73 0.52|0.82 0.93 0.83
0.21 0.18 0.14|0.62 0.63 0.57

Table 5: Inter-Annotator Agreement. A12 means
agreement between the raters A1 and A2.

Metric Kendall Pearson
Al A2 A3 A1 A2 A3
CoTERM" 0.43 0.41 0.43 0.49 0.46 0.48

CoTERM? 0.47 0.45 0.46 0.57 0.51 0.55

Table 6: Kendall and Pearson correlations with
human judgments on ASPEC En-Ja test set.

rating is reliable. The IAAs for term level rating is
higher than the 1AAs for the sentence level rating.

As CoTERM is calculated based on individual
terms, the correlation between human raters and
CoTERM need to be computed at the term level. In
order to do so, for each set of sentences in which a
term occurs, we compute CoTERM™ and the mean
average score of the raters. The ASPEC sample
contained 309 En-Ja term pairs. Table 6 shows the
correlations in Kendall (Kendall and Smith, 1939)
and Pearson correlation coefficients. We see mod-
erate to strong correlations between human raters
and CoTERM. Fleiss Kappa for all the raters are:
CoTERM’ = 0.56 and COGTERM" = 0.59. This in-
dicates, though indirectly, that CoTERM reflects
evaluations of term translations by humans.

7. Discussion

We introduced CoTERM as a set of consistency-
oriented metrics of term translations based on HHI.
It is an extension of C; originally designed for evalu-
ating human translations (ltagaki et al., 2007), fully
extended to deal with MT systems in flexible and
rigid scenarios at the segment level. We recognize
similarities of CoTERM" with TC (Semenov et al.,
2023) in the sense that both compute consistency
of terms. However, they differ in several points: i)
TC score is based on the percentage of correct oc-
currences for each term, while CoTERM is based
on HHI. ii) TC does not deal with multiple correct
translations (instead it uses the first occurrence or
the most frequent one). By using HHI, CoTERM
allows the evaluation where multiple correct transla-
tions are allowed (flexible scenario). In addition, iii)
CoTERM is designed to take into account the struc-
ture of the corpus at different levels: paragraph,
document, corpus or any other unit of segment that
needs to be defined.

Addressing the translation error consistency, i.e.
CoTERM, is also the originality of CoTERM. As
shown in the experiments, CoTERM~ tends to give
different rankings from the other metrics and the
best systems are not always the most consistent
from the point of view of error translations. Finally,
CoTERM can be easily interpreted based on its sign.
If the score is positive (Table 3), this implies that
consistency for correct translations is higher than
errors while a negative sign (Table 4) indicates the
contrary and reveals not only that the MT system is
more consistent in making erroneous translations
but also that the MT system is probably making
more errors than correct term translations.

Extensive evaluations in En-Fr and En-Ja, given
in Tables 3 and 4, show that best NMT and LLM sys-
tems in terms of BLEU, BertScore or COMET do not
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necessarily treat terms consistently. This finding
thus indicates the necessity of using fit-for-purpose
measures that reflect requirements for specific as-
pects of translations.

Although our experiments have clearly shown
that CoTERM metrics shed light on different as-
pects from generic MT metrics, it is important to
explore further the relationships between accuracy
and consistency reflected in CoTERM in both rigid
and flexible setups. While CoTERM'’s merit resides
in the fact that it gives a single metric that takes into
account the basic requirements for handling terms
in translation, the relationships between accuracy
and consistency in CoTERM, especially within the
flexible setup, is yet to be systematically analyzed.

Among the corpora used in this study, Tico-
19 has document-level information, while ASPEC
does not. We observed the correlations between
CoTERM and human evaluations carried out at
sentence level for ASPEC corpus. We show in the
appendix some additional results of experiments,
behaviour of CoTERM for some terms in Tico-19
and the correlation between human annotations
and CoTERM. In order to fully explore the charac-
teristics of CoTERM in different setups with regard
to the level of documents and corpora, it is essential
to carry out further human evaluations for individ-
ual terms with regard to their occurrences within
a document or a corpora, taking into account the
distributions of terms. This will enable us to further
refine the overall CoTERM defined in equation (8).

An additional technical limitation should be noted
here related to CoTERM~, which was introduced for
the first time as consistency evaluation for transla-
tion errors. In automatically calculating CoTERM—,
we adopted a heuristic algorithm under the assump-
tion that reference and prediction sentences share
sufficient amount of similar non-term sequences
to locate term translation errors in the prediction
sentence. Unfound term errors are marked as “un-
known” and are excluded from the computation
of CoTERM~. This specific case needs to be ad-
dressed, although in reality it represents very few
cases in our experiments.

8. Conclusion

In this paper, we introduced a new set of mea-
sures and a framework to evaluate MT systems
with regard to their ability to properly translate terms.
By using CoTERM together with existing standard
and terminology-oriented measures, we empirically
observed several pretrained NMT and LLM mod-
els with respect to their ability in translating terms,
which, to the best of our knowledge, is the first work
for a systematic comparison. One important finding
lies in the fact that better scores in such generic
metrics as BLEU or BertScore do not necessarily

mean better performance in term translations. This
indicates the importance of using fit-for-purpose
evaluation metrics. We have shown that rigid and
flexible CoTERM provide a means to compare MT
models with respect to term translations. As future
work, we will conduct evaluation on MT systems
which have been trained to deal with terminology
and will also explore the incorporation of CoTERM
as part of a loss function for fine-tuning.

9. Limitations

In relation to the framework in which CoTERM met-
rics are applied, we assumed an annotated refer-
ence list where each term in the source sentence to
translate is provided with its corresponding target
term translations in the appropriate position. While
Tico-19 and ASPEC-JE with automatically anno-
tated terms could be used for our immediate pur-
pose, it is important to define a detailed guideline
for annotating term translations that reflects proper
treatment of terms in translation and to construct
corpora with appropriate term tags. In the process
of human corrections of automatic term tagging to
ASPEC-JE corpus, we defined a basic guideline
for annotating term tags, but it remains tentative.
In order to define such a guideline, it is essential to
take into account existing work on term variations
and how they are addressed in translation.

It is also required to establish an overall stan-
dard framework for evaluating term translations for
MT systems. To facilitate work in this direction,
we developed and made available a web-based
interface for human raters to carry out generic and
terminology-oriented evaluations. But to fully es-
tablish the framework is left for our further work.

Separately, in releasing our term annotation of
the ASPEC dataset, there is a practical limitation
i.e. we can only provide it to those who obtain the
right to use ASPEC original datasets. Obtaining the
right to use ASPEC original datasets is, however,
straightforward.
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A. MT Evaluation

A.1. NMT Models

Transformers We used the transformer model in-
troduced in Ott et al. (2018). Two transform-
ers models have already been tested on the
Tico-19 test set that is: OPUS (Tiedemann
and Thottingal, 2020) and FAIRSEQ (Ott et al.,
2018). We refer to this model by Transf.
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Convolutional Models The first convolutional
model that we refer to as Conv, is the model
proposed by Gehring et al. (2017). It is based
entirely on convolutional neural networks and
can be fully parallelized during training to
better exploit GPU and optimization.

Lightweight and Dynamic Convolutions Wu
et al. (2019a) introduced a lightweight and a
dynamic convolutional networks. They are
much simpler and more efficient than the
self-attention convolutional models. We refer
to these two models by LightC and DynC.

Opus-MT that we refer to as OPUS, is a
transformer-based model (Tiedemann and
Thottingal, 2020) trained on a large bitext cor-
pora extracted from the web'®. OPUS is used
for English-French and Japanese-English.

Wide-X-En and Wide-En-X are two large multilin-
gual models (Tran et al., 2021a) trained respec-
tively to translate texts from multiple languages
(X) to English (Wide-X-En?°) and from English
to multiple languages (Wide-En-X?1).

Fugumt is a transformer model®® used for both
English to Japanese and Japanese to English
directions. It uses the Marian-NMT library
(Junczys-Dowmunt et al., 2018).

Tatoeba is an English to Japanese translation
model. It is part of the Tatoeba challenge®®.

TakoMT is an X to Japanese translation model (X
= de, en, es, fr, it, ru, uk) that uses the Marian-
NMT library (Junczys-Dowmunt et al., 2018).

A.2. Evaluation Scores and Significance

Evaluating systems using BLEU is straightforward,
as we can apply one of the existing evaluation
scripts. However, it is important to pay attention to
some technical details that may affect the evalua-
tion. Some scripts require tokenized inputs, and
different tokenization tools have a direct impact
on the BLEU score which may compromise the
process of comparing different NMT systems that
use different tokenizers. For evaluation, we use
SacreBleu?* which alleviates the drawbacks of pre-
vious scripts such as multi-Bleu, etc. SacreBleu

"®http://opus.nipl.eu.
20https://huggingface.co/facebook/
wmt21-dense-24-wide-x-en
21https://huggingface.co/facebook/
wmt21-dense-24-wide-en-x
2https://github.com/s-taka/fugumt
Bhttps://github.com/Helsinki-NLP/
Tatoeba-Challenge
24https://github.com/mjpost/sacrebleu

Tico-19 (En-Fr)
System BLEU (1 £+ 95% ClI) chrF2 (. 4+ 95% Cl)
Baseline
NLLB (3B) 48.20 (48.20 4 0.7945) | 72.22 (72.2401 £ 0.4690)
Gemma3 47.43 (47.43 £ 0.7849) | 71.92 (71.9266 + 0.4747)
(27b) (p = 0.0060)* (p = 0.0290)*
Llama4 47.45 (47.4605 + 0.8191) | 71.91 (71.9274 + 0.4720)
(p = 0.0030)* (p = 0.0190)*
M2M100 42.21 (42.2241 £ 0.7951) | 68.24 (68.2569 + 0.5656)
(1.2B) (p =0.0010)* (p = 0.0010)*
Madlad 45.52 (45.5312 £ 0.7904) | 70.96 (70.9768 + 0.4786)
(7b) (p =0.0010)* (p = 0.0010)*
mBART 40.66 (40.6740 + 0.8181) | 67.05 (67.0685 + 0.5958)
(p =0.0010)* (p = 0.0010)*
Qwen2 36.36 (36.3626 + 0.7257) | 64.94 (64.9497 + 0.4577)
(7B) (p =0.0010)* (p = 0.0010)*
T5-large 41.71 (41.7299 + 0.8618) | 66.75 (66.7747 + 0.7227)
(p = 0.0010)* (p = 0.0010)*
Opus 44.00 (44.0134 + 0.8323) | 69.04 (69.0578 + 0.6842)
(p = 0.0010)* (p = 0.0010)*
Conv 28.23 (28.2437 + 0.6665) | 62.53 (62.5427 + 0.5932)
(p =0.0010)* (p = 0.0010)*
DynConv 29.18 (29.1947 + 0.7022) | 64.43 (64.4425 + 0.5569)
(p =0.0010)* (p = 0.0010)*
LightConv | 36.94 (36.9487 + 0.7725) | 65.94 (65.9576 + 0.5738)
(p =0.0010)* (p = 0.0010)*
Transformer | 42.94 (42.(9309 + 0.7929) | 68.06 (68.0816 + 0.5533)
(p =0.0010)* (p = 0.0010)*

Table 7: Test significance over En-Fr MT systems
based on bootstrap resampling over 1000 samples.

ASPEC (En-Ja)
System BLEU (1 + 95% Cl) chrF2 (. &+ 95% Cl)
Baseline
Fugumt |27.5319 (27.5314 + 0.9744) | 37.1537 (37.1515 4+ 0.9145)
Gemma2 | 23.8636 (23.8668 + 0.8162) | 34.9653 (34.9678 + 0.8258)
(27B) (p = 0.0010)* (p = 0.0010)*
Gemmag3 | 23.9252 (23.9264 + 0.8228) | 35.3420 (35.3423 + 0.7662)
(27B) (p = 0.0010)* (p = 0.0010)*
llama3.1 |21.0612 (21.0589 + 0.7550) | 32.7147 (32.7105 + 0.7531)
(70B) (p = 0.0010)* (p = 0.0010)*
Llamad4 |24.9751 (24.9771 £+ 0.8773) | 36.2654 (36.2735 + 0.8186)
(p = 0.0010)* (p = 0.0070)*
M2M100 | 14.3741 (14.3664 + 0.6178) | 26.3811 (26.3690 =+ 0.7360)
(12B) (p = 0.0010)* (p = 0.0010)*
mbart 19.1951 (19.1822 + 0.8011) [ 30.5172 (30.5116 + 0.8172)
o2M (p = 0.0010)* (p = 0.0010)*
NLLB 17.8496 (17.8555 + 0.7914) | 27.6655 (27.6675 + 0.7350)
(3B) (p = 0.0010)* (p = 0.0010)*
Qwen2 |23.3974 (23.3857 + 0.9941) | 38.2484 (38.2338 + 1.0179)
(7B) (p = 0.0010)* (p = 0.0380)"
Tako 21.0279 (21.0290 + 0.8746) | 31.2227 (31.2243 + 0.8405)
(p = 0.0010)* (p = 0.0010)*
Tatoeba |11.0556 (11.0633 + 0.6362) | 21.5653 (21.5741 + 0.6293)
(p = 0.0010)* (p = 0.0010)*
W-X 27.3008 (27.3084 + 0.8988) | 37.9791 (37.9864 + 0.8880)
(p = 0.1958) (p = 0.0100)*

Table 8: Test significance over En-da MT systems
based on bootstrap resampling over 1000 samples.

computes the BLEU score on detokenized inputs.
Recent NMT systems provide detokenized outputs
and in that case there is no detokenization problem.
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ASPEC (En-Ja)
CoTERM (. + 95% Cl)
41.28

System

Fugumt (Baseline)

Gemma2 40.56 (p = 0.0010)*
Tako 36.80 (p = 0.0010)*
Tatoeba 26.66 (p = 0.0015)*
W-X 4217 (p = 0.7192)

Table 9: Significance Test for CoTERM (En-Ja)
based on bootstrap resampling over 1000 samples.

For systems that provide tokenized outputs, we ap-
ply the same tokenizer provided by mosesdecoder.
We also use BertScore (Zhang et al., 2020) and
COMET (Rei et al., 2020). Tables 8 and 9 report the
test significance over the five tested models on the
ASPEC En-Ja test set using bootstrap resampling
method over 1000 samples. We see comparable
significance results between BLEU and CoTERM
where Fugumt significantly outperforms Gemmaz,
Tako and Tatoeba while the difference in score with
W-Xis not significant.

A.3. Additional Results

We report additional results for each model (Ta-
bles 10 to 16). The overall results for Japanese to
English are reported in Table 17.

T5 (En — Fr)
Small Base Large 3B 11B
BLEU |37.98 41.18 41.71 40.85 40.37

chrF |64.59 66.32 66.75 66.30 65.86

Table 10: T5 results on Tico-19.

NLLB

1B-dist 3B
47.04 48.20
71.61 72.22

13.85 17.84
26.17 27.66

13.20 10.47
45.11 39.00

06M 1B
4414 46.54
69.83 71.17
11.27 14.58
2450 24.74
9.26 9.05
37.33 34.88

BLEU (En-Fr)
chrF (En-Fr)

(
(
BLEU (En-Ja)
(
(
(

chrF (En-Ja

)
BLEU (Ja-En)
chrF (Ja-En)

Table 11: NLLB results on Tico-19 and ASPEC.

Madlad (En — Fr)
3B 7B 10B
BLEU | 42.04 45.52 41.67
chrF | 70.83 70.96 70.55

Table 12: Madlad results on Tico-19.

Llama

V3.1 v32 V33 V4
7B 70B 3B 70B 109B
37.98 4453 32.37 46.50 47.45
66.00 70.35 62.10 71.33 71.91
1427 21.06 8.49 20.98 24.97
25.33 32.71 16.27 32.91 36.26
12.71 16.93 9.73 18.77 17.90
47.90 52.88 44.42 54.63 54.20

BLEU (En-Fr)
chrF (En-Fr)
BLEU (En-Ja)
(
(

chrF (En-da)
BLEU (Ja-En)
chrF (Ja-En)

Table 13: Llama results on Tico-19 and ASPEC.

Gemma
7B | 9B 27b | 4B 12B 27B
BLEU (En-Fr) |34.18(44.41 45.70|43.36 46.18 47.43
chrF (En-Fr) |62.28|70.33 70.80/69.48 71.24 71.92

(
(
BLEU (En-Ja)|13.09(21.52 23.86|16.31 20.93 23.92
(
(

=

chrF (En-Ja)|23.71(32.39 34.96|28.47 32.86 35.34

BLEU (Ja-En)|11.42|16.56 16.88|14.54 15.89 16.89
chrF (Ja-En)|46.02|52.68 53.41|50.74 52.37 53.17

= (|-

Table 14: Gemma results on Tico-19 and ASPEC.

M2M100
418M 1B
37.07 42.21
65.11 68.24

11.08 13.82
22.70 25.62

13.19 14.71
45.20 48.28

12B
38.98
68.54
14.37
26.38
14.12
47.40

BLEU (En-Fr)
chrF  (En-Fr)

(
(
BLEU (En-Ja)
(
(

chrF (En-Ja

)
BLEU (Ja-En)
chrF (Ja-En)

Table 15: M2M100 results on Tico-19 and ASPEC.

mBART
En — Fr En—Ja Ja—En
o2M M2M | O2M M2M | M2M
BLEU | 40.66 39.76|19.19 19.21| 15.77
chrF | 67.05 66.44 |30.51 29.99| 49.67

Table 16: mBART results on Tico-19 and ASPEC.
O2M: means one to many and M2M: many to many.

B. Human Evaluation

B.1. Rating Guideline

For the Flexible and Rigid scores: rate the term
translation quality of a given translation between 1
to 5. The term translation should be the same as
the one used in the reference translation. Table 18
gives the definitions of the scores. For the Overall
score: Rate the overall translation quality of a given
translation between 1 to 5. A human translation
is given for your reference. Table 19 gives the
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Ja — En
NMT LLM
Fugumt Opus W-X | NLLB M2M mBART Gemma2 Gemma3 Llama3.3 Llama4 Qwen2
3B 12B  610M 27B 27B 70B 109B

BLEU 2119 999 16.40| 1047 14.71 1577 16.88 16.89 18.77 1790 13.02
chrF 5417 39.13 53.08| 39.00 48.28 49.67 53.41 53.17 54.63 54.20 50.69
chrF++ 50.43 36.08 49.54| 36.05 44.67 46.04  49.02 48.88 50.54 50.08 46.17
BertScore | 93.18 90.37 92.59| 89.53 92.22 92.77  93.36 93.35 93.49 93.32 91.70
COMET 77.33 68.13 75.00| 71.53 79.21 81.18  83.62 83.38 83.54 83.16 80.03
EM 92.03 80.06 92.54| 79.57 88.81 91.11 91.57 92.44 93.10 93.23 91.38
F1 69.84 4451 71.05|47.31 70.80 62.45 70.80 69.72 71.92 72.03 68.05
TC 62.91 3559 64.12| 38.83 62.98 52.75 62.98 62.95 64.43 64.70 59.95
CoTERM;" | 65.91 37.59 67.46|39.77 51.47 56.02 65.77 65.70 67.43 67.89 62.21
CoTERM;' | 62.87 32.80 64.09| 32.52 47.07 52.74 62.14 61.36 64.32 64.86 58.74
CoTERMJ? 60.11 55.19 61.22| 55.70 61.02 62.73 62.96 60.14 63.46 62.47 62.54
CoTERM; | 63.01 -8.80 64.34| -7.96 -4.27 -3.35 64.36 62.92 65.44 65.18 -0.16
CoTERM,. | 61.49 -11.19 62.65|-11.59 -6.97 -4.99 -0.41 60.75 63.89 63.66 -1.90

Table 17: Results of the evaluation of NMTs and LLMs on the Aspec test set for English-French. The best
models are in bold, and the second bests underlined.

To start the annotation process

1- Enter you name or pseudo
2- Read the annotation guideline
3- Start annotating

Name or pseudo: Annotator1 Register

Annotation Instructions

Choose a previously saved annotation file:
| Browse... | N...

System Text

Src (En) Various sensors have been realized with multilayer thin films .

Save your current annotation:

Overall score Term score (rigid) Term score (flexible)

Tgt (p) L Wk 2B kY 2FBLTVIELE,

System 1 LEHERTHRA LY -2 B,

System 2 JEIERE U H —PEFEHETERIN TV S,

System 3 BEERECHRA Y2 EBILE L,

System 4 SEHERCHRA Lt — 2 EBL

System 5

War ey —2, B OANERTHC 7404 52 THRAL TE FL X

0/00/0/0
000)0/0
000)0/0

{ Previous

Page 21
Goto page n°{ _ |co|

Next )

Figure 1: Web rating interface

definitions of the scores.

B.2.

We report in this section several experiments on
pairwise raters agreement. Tables 20 and 21 report
Kappa and Kendall scores respectively, for all the
models (noted 5 systems) and for each model sepa-
rately. In addition, Table 22 includes Mathew’s Cor-
relation Coefficient (MCC), Pearson and Spearman

Inter-Annotator Agreement

scores. We observe moderate to high correlation
between annotators for term-based measures.

We report in Table 23 the Kendall (Kendall and
Smith, 1939) score for MT systems on Tico-19.
BLEU shows a significant higher correlation with
1-TER, chrF++ and BertScore than with CoTERM
which suggests that consistency-based measures
may bring a different perspective to MT evaluation.
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Score Label Definition

1 very bad all or most terms are incorrect

2 bad more than 50 percent of the terms are incorrect
3 acceptable around 50 to 70 percent of the terms are correct
4 good most terms are correct

5 very good  perfect match

Table 18: Rating instructions for rigid and flexible translation scores.

Score Label Definition
1 very bad  incomprehensible, or comprehensible but the meaning is totally different from the original
2 bad meaning is different from the original or misleading in critical points
3  acceptable the core part of the original is comprehensible though some parts are not precise or missing
4  good reasonably comprehensible but can be improved further
5  very good perfectly comprehensible and can be used as is

Table 19: Rating instructions for overall translation score.

Raters Raters
Systems Level A1-A2  A1-A3  A2-A3 System Level A1-A2  A1-A3  A2-A3
g Term level g Term level
Jo) Flexible 0.50 0.69 0.50 Qo Flexible 0.74 0.86 0.74
% Rigid 054 073 052 % Rigid 075 0.88 0.74
0 Sentence level 0.21 0.18 0.14 0 Sent level 0.55 0.57 0.50
= Term level = Term level
% Flexible 0.54 0.73 0.53 % Flexible 0.73 0.87 0.76
o Rigid 0.57 0.77 0.56 o Rigid 0.73 0.89 0.75
L Sentence level 0.09 0.23 0.11 L. Sent level 0.36 0.47 0.45
- Term level - Term level
8 Flexible 0.48 0.63 0.49 8 Flexible 0.68 0.82 0.70
£ Rigid 049 074 051 £ Rigd 072 087  0.70
= Sentence level  0.30 0.24 0.16 = Sentlevel  0.62 0.47 0.49
Term level Term level
2 Flexible 0.49 0.66 0.46 2 Flexible 0.71 0.85 0.70
© Rigid 0.52 0.70 0.47 © Rigid 0.69 0.84 0.68
Sentence level 0.13 0.04 0.07 Sent level 0.41 0.40 0.36
X x
& Term level & Term level
w Flexible 0.50 0.73 0.48 w Flexible 0.71 0.88 0.72
= Rigid 0.59 0.73 0.5 = Rigid 0.76 0.89 0.73
Sentence level 0.09 0.14 0.04 Sent level 0.43 0.49 0.37
N Term level N Term level
= Flexible 0.38 0.63 0.42 £ Flexible 0.65 0.79 0.64
g Rigid 043 064 048 g Rigid 064 085 067
(O] Sentence level 0.17 0.06 0.12 O] Sent level 0.52 0.60 0.37
Table 20: Inter-Annotator Agreement (kappa). Table 21: Inter-Annotator Agreement (kendall).

C. Examples
tested on the English-Japanese ASPEC test set
This appendix presents in section C.1 some trans-  (Fugumt, Tako, Tatoeba and Wide-En-X) as well
lation examples produced by the five NMT mod-  as the Japanese-English ASPEC test set (Fugumt,
els (Transf, Conv, LightC, DynC and OPUS) on = OPUS and Wide-X-En). Section C.2 presents some
the English-French Tico-19 test set. It also shows  examples of CoTERM score calculations produced
some translation examples of the NMT models by Transf and OPUS models on several terms.
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Kappa Fleiss MCC Pearson Spearman
Evaluation | A12 A13 A23 | A12 A13 A23 | A12 A13 A23 | A12 A13 A23 | A12 A13 A23
Term level
Flexible 0.50 0.69 0.50|0.49 0.68 0.50|0.51 0.71 0.50|0.81 0.91 0.82|0.81 0.90 0.82
Rigid 0.54 0.73 0.52|0.53 0.72 0.52|0.56 0.74 0.53|0.82 0.93 0.83|0.82 0.92 0.82
Sentlevel |0.21 0.18 0.14|0.19 0.14 0.12|0.22 0.20 0.16 |0.62 0.63 0.57 | 0.63 0.63 0.58

Table 22: Inter-Annotator Agreement (Cohen’s kappa score (Kappa), Fleiss kappa (Fleiss), Mathews
Correlation Coefficient (MCC), Pearson and Spearman.

BLEU CoTERM’/ CoTERM"
BLEU 1.00  0.61 0.66
chrF 0.66  0.61 0.66
chrF++ 0.87  0.64 0.59
BertScore | 0.87 0.64 0.64
COMET | 055  0.38 0.55
EM -0.19  0.02 0.02
WOo2 022  0.05 0.11
1-TER 0.94 066 0.72
CoTERM’ | 0.61 1.00 0.61
CoTERM" | 0.66  0.61 1.00

Table 23: Kendall correlation score (p < 0.05 except
for COMET, EM and WQO2).

Level Fleiss Kappa
Term level

Flexible 0.56
Rigid 0.59
Sentence level 0.16

Table 24: Inter-Annotator Agreement for three
raters (Fleiss kappa).

C.1. NMT System Examples

The following Tables 27, 28 and 29 illustrate some
examples of predicted translations made by the
used pre-trained models in our experiments. We
emphasise correct term translations in green, vari-
ants or acceptable translations in blue and wrong
translations in red color. The terms in the source
reference (Src) and its target translation (Tgt) are
marked in bold.

In the first example of Table 27, four out of five
models failed in translating the term SARS-CoV-2.
While in the second example, they all succeeded in
translating pandemic and SRAS. That is said, the
translation of other words, if semantically correct
sometimes (disparaitre and mourra for instance),
leaves a room for improvement. In the last example
of Table 27, all the NMT systems failed in translat-
ing the term: ongoing outbreak while the correct

Measure Interpretation
Cohen’s kappa
0 No agreement
0.10-0.20 Fair agreement
0.21 - 0.40 Slight agreement
0.41-0.60 Moderate agreement
0.61-0.80 Substantial agreement
0.81-0.99 Near perfect agreement
1 Perfect agreement
Spearman & Kendall
0.01-0.19 No or negligible relationship
0.20-0.29 Weak relationship
0.30-0.39 Moderate relationship
0.40 - 0.69 Strong relationship
>0.70 Very Strong relationship
Pearson & MCC
0.0-0.19 Very low correlation
0.20 - 0.39 Low correlation
0.40-0.59 Moderate correlation
0.60 - 0.79 High correlation
0.80 -1 Very high correlation

Table 25: Interpretation of correlation scores.

translation is épidémie en cours, some models cor-
rectly translate outbreak into épidémie but failed in
finding the second part on the compound term that
is en cours. However, the Conv and OPUS models
for instance, translated ongoing by actuelle which
is semantically correct. Hence, using the flexible
CoTERM, the translation épidémie actuelle could
be counted as correct, as long as épidémie actuelle
is present in the reference list of correct terms.

As for Table 28, the two terms in first example are
both properly translated in Fugumt and Wide-En-X.
Tatoeba failed in both terms but its sentence struc-
ture is essentially the same as those in Fugumt and
Wide-En-X. The second and third examples indi-
cate that complex terms are translated into expres-
sions that partially match the correct terms. The two
terms in the last example are translated correctly
in three systems, while Tatoeba misses one term
completely. Some of the variants should be eval-
uated as correct by flexible CoTERM (CoTERMY),
although this ultimately depends on how we de-
fine the reference list because they cannot be ad-
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Src Term (t) Tgt Term [t | k| fi | (& x100)? | St | COTERM:
spread propagation 3 (2|1 2,500 | 50 | 22,22
diffusion 1 2,500
covid-19 covid-19 22| 2 10,000 | 100 | 100
WHO OMS 22| 2 10,000 | 100 | 100
clean technologies | technologies propres | 1 | 1| 1 10,000 | 100 | 100
ongoing outbreak | épidémie en cours 110]0 0|0 0
pandemic pandémie 1111 10,000 | 100 | 100

Table 26: lllustration of Consistency Index (C;) and CoTERM; scores calculation of Example 1.

dressed by lemmatizations. Table 29 shows some
syntagmatic variants such as singular/plural and
noun/adjective produced in different systems. The
last example shows lexical variants. Examples of
lexical variants in these Tables indicate the impor-
tance of designing proper evaluation dataset in fully
taking advantage of CoTERM’. This, we state in
Limitation section, is one of our future tasks.

C.2. Examples of CoTERM Calculation

Table 26 shows the details of scores calculation
of Example 1 (Section (3.3.1). Table 30 illustrates
some terms and their correct translations generated
by Transf and OPUS models. Both Tables report
the occurrence of terms in the reference list (|t|),
the total number of correct translations found by the
model (k), the total number of correct translations
found by the model for a given term (f), and finally,
C; score and CoTERM.

In the first example given by SARS-CoV-2 in Ta-
ble 30, we see that CoTERM score is quite high
(6800 or 68%) even if the correct translations were
found only 5 times out of 178 (4 times for SRAS-
CoV-2 and 1 time for SARS-CoV-2). By applying
CoTERM, the score drastically drop (CoTERM}' =
0.15 for instance) which reflects more the inconsis-
tency of the Transf model with regard to the trans-
lation of SARS-CoV-2. On the contrary, when the
model succeeds in most cases to translate a term,
as we can see for the term symptoms for instance,
the drop for the CoTERM scores is very low (we
go from the perfect match of CoTERM = 10,000 to
a little drop for CoTERM}'=9434.1). In this case,
the drop scores reflect the two missed translations
of the term symptoms. This statement can be ob-
served in all the examples given in Table 30.

D. Special Remarks about LLMs

We tried to cover in our experiments most of the re-
cent LLMs. We briefly discuss hereafter additional
LLMs that have not been tested or that have been
tested but not reported in our experiments. We
have tested Deepseek-r1, however the translations

were surprisingly very weak for the three tested di-
rections (En-Fr, En-Ja and Ja-En). The translations
often contained mixed languages, or were incom-
plete. Even by handling the <think> tag, which
comes before every translation candidate, the ob-
tained BLEU scores for several models were too
low (for Ja-En direction for instance, we obtained:
BLEU: 0.85, chrF: 13.31 and chrF++: 12.36 for
Deepseek-r1:1.5b). In addition, the inference time
was slow compared to other models. We let further
explorations of DeepSeek-r1 and DeepSeek-v3 for
future work. Qweng3 displays better translation out-
puts, however the inference time was too slow to
be used for translating thousands of sentences.
Similarly to Deepseek, Qwen3 uses the <think>
tag in each output. We did not consider non-open
source or free to use models such as chatGPT. If
it is interesting to observe the behavior of leading
models, recent work by (Moslem et al., 2023) have
shown that NLLB outperformed chatGPT in MT. In
this work, we have extensively tested NLLB. We
believe that not testing chatGPT does not affect the
takeaway message of our work.
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Tico-19 (En-Fr)

Src The search for the animal origins of SARS-CoV-2 is still on.

Tot les recherches sur les origines animales du SARS-CoV-2 sont en cours.

Transf La recherche de I'origine animale du CoV-2 du SRAS est toujours en cours.
Conv La recherche des origines animales du CoV-2 du SRAS est toujours en cours.
LightC  La recherche sur les origines animales du CoV-2 du SRAS est toujours en cours.
DynC La recherche des origines animales du CoV-2 du SRAS est toujours en cours.

OPUS La recherche des origines animales du SRAS-CoV-2 est toujours en cours.

Src Will it become a pandemic worldwide, die down like SARS or relapse periodically like the flu?

Tat Va-t-il évoluer en pandémie mondiale, disparaitre comme le SARS ou refaire surface réguliere-
ment comme la grippe ?

Transf Deviendra-t-elle une pandémie mondiale, disparaitra-t-elle comme le SRAS ou rechutera-t-
elle périodiguement comme la grippe ?

Conv Deviendra-t-elle une pandémie dans le monde entier, mourra-t-elle comme le SRAS ou la
rechute périodiguement comme la grippe ?

LightC  Deviendra-t-elle une pandémie mondiale, disparaitra-t-elle comme le SRAS ou des rechutes
périodiques comme la grippe ?

DynC Deviendra-t-elle une pandémie mondiale, s’éteindra comme le SRAS ou rechutera périodique-
ment comme la grippe ?

OPUS Se transformera-t-elle en pandémie mondiale, mourra-t-elle comme le SRAS ou rechutera-t-
elle périodiquement comme la grippe ?

Src Herein lie the secrets of why asymptomatic carriers are seen and what causes the severe
cases in human infection.

Tot c’est ici que résident les secrets de I'observation de porteurs asymptomatiques et de ce qui
cause des cas d’infection sévere chez 'homme.

Transf C’est la que se trouvent les secrets de la présence de porteurs asymptomatiques et de la
cause des cas graves d’infection humaine.

Conv Voici les secrets des raisons pour lesquelles les porteurs asymptomatiques sont vus et ce
qui cause les cas graves d’infection humaine.

LightC  C’est la que se trouvent les secrets de la détection des porteurs asymptomatiques et des
causes des cas graves d’infection humaine.

DynC On y trouve les secrets des raisons pour lesquelles on voit des porteurs asymptomatiques
et les causes des cas graves d’infection chez les humains.

OPUS  Voici les secrets de pourquoi les porteurs asymptomatiques sont vus et ce qui cause les cas
graves dans l'infection humaine.

Src On Wednesday, the World Health Organization (WHO) declared the ongoing outbreak of
COVID-19 — the disease caused by coronavirus SARS-CoV-2 — to be a pandemic.

Tgt mercredi, 'Organisation mondiale de la santé (OMS) a qualifi¢ 'épidémie en cours de
COVID-19 (la maladie provoquée par le coronavirus SARS-CoV-2) de pandémie.

Transf Mercredi, I'Organisation mondiale de la Santé (OMS) a déclaré que I'éclosion actuelle de
COVID-19 de la maladie causée par le coronavirus CoV-2 SRAS-était une pandémie.

Conv Mercredi, I'Organisation mondiale de la santé (OMS) a déclaré que I'épidémie actuelle de
COVID-19 est la cause de la pandémie de la maladie causée par le coronavirus CoV-2-
CoV-2.

LightC  Mercredi, 'Organisation mondiale de la Santé (OMS) a déclaré que la flambée de COVID-19,
causée par le coronavirus CoV-2 du SRAS, était une pandémie.

DynC Mercredi, 'Organisation mondiale de la santé (OMS) a déclaré que I'éclosion en cours de
COVID-19, la maladie causée par le coronavirus CoV-2-SRAS, est une pandémie.

OPUS Mercredi, | Organisation mondiale de la santé (OMS) a déclaré que |’ épidémie actuelle de
COVID-19 — la maladie causée par le coronavirus SRAS-CoV-2 — était une pandémie.
8658
Table 27: Translation examples obtained by the five tested NMT models (Transf, Conv, LightC, DynC
and OPUS) on the English-French Tico-19 test set. Src and Tgt respectively correspond to the source
sentence and Tgt its translation reference.




ASPEC (En-Ja)

Src Responding to these changes DERS can compute new dose rate.

Tgt DERSIZ C o DZELICKIIG L TH/chREXEAHETE 5.

Fugumt INSOEICHIGL T, DERSIZFT L WIREERHET 52 EMTE S,
Tako o OEAEIHET SDERSIIFT L WAEXREHET S chTEE g,

Tatoeba DAS 3o DEEICHICLTH LWEESHET 5 EMTE S.
Wide-En-X o5 0OZFLICHIELT. DERSIZIF L WS EXREHET 2 ENTEE T

Src The geometric-optical theory of standing wave based on ray coincidence is presented.
Tgt HB—BICE D ERROERFHE R & B L.

Fugumt HRR—BICE D EERDER A F IR E TR .

Tako E— LMBRICE D LR DERFH) - HFHERERET 5.

Tatoeba BOBIRICLBEDI>TW S EICET BN G RENTHX T,
Wide-En-X  BRO—BICE S EBROXEM eI GMRRI NS,

Src The titled measurement technology on vibration and temperature in the heavy machinery
industry is explained.

Tot EMMIRICHI 2R CIERICR T SRR £ ME L /.

Fugumt EMREXCHIT SRS - EERESMIC DLW THRLET.

Tako EMERICHIHIRE - ERRERNIC OO TERLTOET.

Tatoeba ?;ﬁ%ﬂ&&%l:}s(j LEENCERICBY 2REEORELITIC OV TIIFEAD LI hTH

Wide-En-X  CREEL. BHERIC 51T HIRE - BRGS0 TBET 5.

Src The patient died of respiratory insufficiency caused by pneumonia 2 years later.
Tgt F2FEDRIBE FHRIC L HHBRALIC THT L.

Fugumt 2ERIFMRICEK BIFRALTIHT L .

Tako 2FERICIHRICK Z2HEALTIT.

Tatoeba FOREII2FERICHRTIETLE L.
Wide-En-X  BFII2FRICHRICKL 2IFRAETIHT L.

Table 28: Translation examples obtained by the four tested NMT models (Fugumt, Tako, Tatoeba and
Wide-En-X) on the English-Japanese ASPEC test set. Src and Tgt respectively correspond to the source
sentence and Tgt its translation reference. ¢ indicates missing part.
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ASPEC (Ja-En)

Src DERS(3 o OEALICHG L TH - L RBEEFHETE S,

Tat Responding to these changes DERS can compute new dose rate.

Fugumt DERS can calculate new dose rates in response to these changes.

OPUS The DEARS can calculate a new linear rate in response to these changes.

Wide-X-En DERS can calculate a new dose rate in response to these changes.

Src HR—BILE D EBR ORI ERERER L /.

Tat The geometric-optical theory of standing wave based on ray coincidence is presented.
Fugumt We developed a geometrical optical theory of stationary waves based on ray-matching.
OPUS I've developed a geometric theory of regular waves based on a beam of light.

Wide-X-En He developed a geometrically circular geometrical optical theory of standing waves based
on the correspondence of light rays.

Src EMMIRICHT 2R CIERICRT SEILFARIMR £ ME L.
Tat The titled measurement technology on vibration and temperature in the heavy machinery

industry is explained.

Fugumt This paper describes the characteristic measurement technology of vibration and tempera-
ture in heavy machinery industry.

OPUS I've discussed Marking techniques for vibrations and temperature in heavy machinery
industries.

Wide-X-En The marking and measuring technology for vibration and temperature in the heavy ma-
chinery industry was explained.

Src F2FEDRBE R L BFEALCTIET L.

Tgt The patient died of respiratory insufficiency caused by pneumonia 2 years later.
Fugumt Two years later, he died of respiratory failure due to pneumonia.

OPUS About two years later, he died of respiratory failure due to pneumonia.

Wide-X-En About two years later, he died of respiratory failure due to pneumonia.

Table 29: Translation examples obtained by the three tested NMT models (Fugumt, OPUS and Wide-X-En)
on the English-dJapanese ASPEC test set. Src and Tgt respectively correspond to the source sentence
and Tgt its translation reference.
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|

Transf model (En-Fr)

Src Term Tgt Term it |k |f (% x 100)? | C; CoTERM; | CY CoTERMY
SARS-CoV-2 | SRAS-CoV-2 [178|5 |4 |6400.0 6800.0 |5.37 191.01 |0.15
SARS-CoV-2 1 400.0
virus virus 1641162 |159|9633.06 |9636.49|9402.89 |9518.97|9288.22
viral 3 3.43
virale 0 0.0
virales 0 0.0
symptoms symptdmes 104 1102|102|10000.0 |10000.0|9619.08 |9807.69|9434.1
outbreak épidémie 88 |30 |29 [9344.44 |9355.55/1087.29 |3189.39|370.67
épidémies 0 |0.0
épidémique 1 11.11
spread propagation |75 |70 |53 |5732.65 |5967.35(5198.22 |5569.53|4851.67
propagé 9 |165.31
propagée 0 |0.0
se propagent 0 |00
diffusion 0 0.0
se propager 5 151.02
se propage 3 118.37
propagés 0 |0.0
SARS-CoV |SARS-CoV 73 |10 |0 |O 0 0 0 0
vaccine vaccinale 68 |68 |0 |0.0 10000.0|{10000.0 |10000.0|10000.0
vaccin 68 [10000.0
transmission |transmission |67 |64 |64 |10000.0 10000.0{9124.53 |9552.24|8715.97
se transmettre 0 0.0
transmis 0 0.0
Opus model (En-Fr)
Src Term Tgt Term it |k |f (% x 100)? | C; CoTERM; | CY CoTERMY
SARS-CoV-2 | SRAS-CoV-2 [178|172|152|7809.63 |7944.84|7418.26 |7677.04|7168.21
SARS-CoV-2 20 |135.21
virus virus 164|161 |159|9753.1 9754.64 19401.03 |9576.2 |9229.06
viral 2 1.54
virale 0 0.0
virales 0 0.0
symptoms symptémes 104 1102|102|10000.0 |10000.0|9619.08 |9807.69|9434.1
outbreak épidémie 88 |75 |74 |9735.11 9736.89 |7072.57 |8298.49|6027.76
épidémies 0 |0.0
épidémique 1 1.78
spread propagation |75 |72 |57 |6267.36 |6450.62(5944.89 |6192.6 |5707.09
propagé 9 |156.25
propagée 0 |0.0
se propagent 1 1.93
diffusion 0 0.0
se propager 2 |7.72
se propage 3 |17.36
propagés 0 |0.0
SARS-CoV |SARS-CoV 73 |11 |11 [10000.0 [10000.0|227.06 1506.85 | 34.21
vaccine vaccinale 68 |68 |0 |0.0 10000.0|{10000.0 |10000.0|10000.0
vaccin 68 [10000.0
transmission |transmission |67 |66 |66 |10000.0 10000.09703.72 |9850.75|9558.89
se transmettre 0 0.0
transmis 0 0.0

Table 30: Examples of CoTERM and C; scores obtained by Transf and Opus on the Tico-19 test set.
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