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USING AUTOMATED QUALITY METRICS TO IMPROVE MACHINE
TRANSLATION INTO UKRAINTAN

The article reviews the issue of evaluating the quality of machine translation into the Ukrainian language, taking into
account the diversity of its morphological word forms and syntactic variants. The peculiarities of the Ukrainian language
with its morphological inflection and variable word order make it difficult to apply traditional automated metrics that
focus on counting matches of words or word sequences (n-grams). The evolution of automated machine translation
quality metrics is considered, starting from approaches based on comparing word sequences (BLEU, NIST, ROUGE) to
character-level methods (ChrE, BEER) and word vector embeddings (BLEURT, BERTScore, COMET, etc.).

In particular, it was found that metrics that calculate the match ratios for words and their sequences (in particular, the
popular BLEU) appear to be overly sensitive to morphological variants and changes in word order, which are typical for
Ukrainian. Instead, character-level metrics (ChrF) and metrics that measure the distance between vector representations
of sentences (COMET, BLEURT, and others) demonstrate greater reliability, correlating better with human judgment due
to their ability to account for semantic and morphological variations, as well as potential synonymy between words that
are spelled completely differently.

Based on the conducted review, we recommend strategies for pre-processing the Ukrainian translation text in order to increase
the informativity of metrics based on word and word sequence matches (stemming, i.e., truncation of non-stem morphemes, or
lemmatization, i.e., reduction to dictionary form). It is also proposed to use automated metrics based on character matches (in
particular, ChrF), as well as machine learning-based metrics that predict the human evaluation of machine translation based
on vector representations of the source and target sentences (hypotheses), such as COMET and its variants.

Since automated quality metrics based on machine learning require specialized datasets in the form of annotated
parallel corpora, the importance of creating such annotated datasets where the target language is Ukrainian is emphasized.
This will significantly improve the quality of metrics for evaluating machine translation into Ukrainian. In turn, improved
metrics will help machine translation systems generate better translated sentences using techniques such as metric-based
ranking of candidate translations.
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BUKOPUCTAHHA ABTOMATHU30BAHUX METPUK AKOCTI IIEPEKJIALY
JIJISI HOKPAIEHHA MAIIMHHOTO NEPEKJIAJIY HA YKPAIHCBKY MOBY

Y emammi posenadacmuvca npobnema oyintosannsa AKocmi MAuUHHO20 NePexIaoy Ha YKPAiHCbKY MO8Y 3 YPaXy8aAHHAM
posmaimmst it moponoziunux cnoeopopm i cunmarkcuunux eapianmie. Ocobausocmi yKpaincokoi mosu 3 it mopghonoeiu-
HOW DreKcie ma sMIHHUM NOPAOKOM Cli8 YCKAAOHIOIOMb 3ACMOCY8ANHS MPAOUYIUHUX A8MOMAMUZ08AHUX MEMPUK, SKI
OpIEHmMOBaHi Ha niOpaxyHok 30ieie ciie abo ix nocrioognocmei. Posensioaemovcs egontoyis agmomamu308aHux Mempux
AKOCMI MAWUHHO20 NepeKiady, NOYUHAIOUY 8I0 NiOX00i8, 3ACHOBAHUX HA 3ICMAGIEeHHI NociioogHocmell (n-epam) ciie
(BLEU, NIST, ROUGE), 0o memodis, siki gukopucmosyoms cumseonvhuil pisenv (ChrF, BEER) ma eéexkmopHi 6KkiadeHHs
cnie (BLEURT, BERTScore, COMET mowo).

3okpema, suseneno, wo mempuru, wo paxyome Koegiyicnmu 36i2ie ciie i ix nociioosHocmetl (30Kpema, NOnYJsPHA
BLEU) naomipro uymaugi 00 Mopponoziunux eapianmie ma 3miHu nopsoKy Cie, Wo € XapakmepHumu 0isi YKpaiHcbKol.
Hamomicmy, mempuxu, wo ananizyioms koeghiyienmu 30ieie na pieui opyxoseanux suaxie (ChrF) ma mempuxu, wo eumi-
prooms oucmanyiro midxc eekmopuumu npedcmasienusamu pevero (COMET, BLEURT ma inwi), Oemoncmpyoms Oinvuty
HaOIlHICb, Kpauje Kopenoyl 3 II0OCKOI0 OYIHKOIO 3A80AKU iX 30AMHOCI 8PAX08Y8AMU CEMAHMUYHI Ma MOPPON02ii-
Hi 8apiayii, a maxodic NOMEHYIUHY CUHOHIMIIO MIJIC CLOBAMU, U0 MATOMb Pi3HE HANUCAHHSL.
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Ha ocnosi nposedenozo ananizy pexomendyromocsi cmpamezii 0isi nonepeonboi 00poOKU YKPAIHCLKO20 NePeKiaoHO-
20 meKcmy 3 Memoio nioGueHHs IHQOPMAMUBHOCIE MEMPUK HA OCHOGI 30i2i6 i i iX nocaidosHocmell («8IOCIKanHY»
He-KopeHegUX Mopdem, maxodic gidome K «CmeMMiHey, abo npusedeHHs 00 Clo8HUK080I hopmu (nemamusayis)). Taxoorc
NPONOHYEMBCST BUKOPUCTIOBY8ATU ABMOMAMU308AHI MEMPUKU HA OCHOGI 30i2i6 OpyKkosanux 3naxie (3oxkpema, ChrF), a
MAKOINC MEMPUKU HA OCHOBI MAUUHHO20 HAGYAHHSL, SIKI NPOSHO3VIONb THOOCHLKY OYIHKY MAUWUHHOZ0 NepeKadady Had OCHO-
61 BEKMOPHUX NPEOCMABIeHb PeteHb OPUSIHALY ma nepexiady (cinomesu), maxi sk, Hanpukiad, COMET i it eapianmu.

OcKinbKu agmomamu3068ani MempuKy SAKOCmMi Ha OCHOGI MAWUHHO20 HAGYAHHS NOMPEOYIOMb CneyialbHux Habopie
OaHux y (hopmi AaHOMOBAHUX NAPANETLHUX KOPNYCIE, HA2OIOULYEMbCIL HA 8ANCIUBOCTIE CINEOPEHHSL MAKUX AHOMOBAHUX
Habopis danux, de MOBoI0 nepexiady € ykpaincoka. Lle cymmego nokpawjums sKicms MEMpux Y 4acmuni OYiHKU MAWUH-
HO20 nepexiady Ha YKpaincbKy Mogy. B ¢801o uepey, nokpauyeni Mempuru 00NOMONCYNb CUCEMAM MAUUHHOZ0 NePeKid-
0y eenepysamu Kpauji nepekiaoni peuents 3a 00NOMO20I0 MAKUX MEXHIK, SIK PePAHKIHe KAHOUOAMI8 HA OCHOBI MEeMPUKIL.

Knwouosi cnosa: mawunnuii nepexiao, akicms MAuUHHO20 Nepexiady, agmomMamu3068ani Mempuky sSikocmi Mauiun-

Hoeo nepeknady, BLEU, ChrF, COMET.

Introduction and Problem Definition. The
linguistic profile of Ukrainian is marked by its rich
morphology and syntactic flexibility — features that have
significant implications for machine translation quality.
As an East Slavic language, Ukrainian employs a highly
inflected system and a flexible word order; rather than
relying on a fixed syntactic structure, Ukrainian uses
inflectional markers to indicate subject—verb—object
relations, allowing syntactic variations that highlight
focus or topicalization without loss of meaning. Such
characteristics can challenge conventional evaluation
metrics that depend on rigid word-level matches or
fixed word order, as these methods may overlook
acceptable and semantically equivalent variations
inherent in Ukrainian translations. Consequently,
tailoring machine translation evaluation for Ukrainian
requires metrics that account for morphological
variation and syntactic fluidity — approaches like
character-level analysis or embedding-based models,
which better capture semantic similarity across diverse
structural expressions.

The field of machine translation has progressed
steadily from rules-based and statistical systems to
neural and large language model-based methods,
achieving impressive translation quality. To gauge
and measure this progress, standardized metrics
are important. Although human evaluation remains
the gold standard for evaluating any translation,
including human and automated methods, automated
metrics are crucial to ensure inexpensive and fast
measurement which could enable rapid iteration on
emerging machine translation methods.

An Overview of Machine Translation Quality
Metrics

Like methods of machine translation proper,
automated quality metrics had a similar evolution. The
first wave of metrics was based on matching n-grams
(sequences of n words) between the reference human
translations and the MT hypothesis.

Metrics Based on n-Gram Matching

The first n-gram-based MT evaluation metric
was BLEU, introduced in (Papineni et al., 2002).
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Specifically, BLEU is based on n-gram precision,
which can be roughly explained as follows:

Nmatching n—-grams

Pn = N '
total candidate n—grams

However, reliance on n-gram matchingmade BLEU
sensitive to word order, synonyms and paraphrases in
translation, and morphological differences between
reference and translation in languages with a high
degree of morphological variety like Ukrainian.

NIST is a later metric introduced in (Doddington,
2002), which augments BLEU’s precision metric with
weighing each n-gram’s value based on how rare, and
thus informative to the text, it is. This improvement,
however, did not address the fundamental shortfalls
of BLEU’s approach.

ROUGE, proposed in (Lin, 2004), establishes a
group of metrics based on recall, rather than precision
used in BLEU:

Nmatching n—-grams

=
Ntotal number of n—grams inreference
Despite this change, in essence ROUGE remains
sensitive to word order changes. Later versions
based on longest common subsequence matching
(ROUGE-L) and skip-grams (ROUGE-S) are
somewhat more flexible with regard to word order.
Being a surface-level word overlap algorithm,

ROUGE is fundamentally unable to account
for synonyms and more complex translation
transformations.

METEOR, presented in (Banerjee and Lavie,
2005), attempts to improve on its predecessors by using
explicit word-for-word matching instead of matching
n-length sequences of words (n-grams). Another
improvement of METEOR metric is its optional use
of word stemming and attempts to match by meaning,
relying on WordNet to establish synonymy, thus
making the metric more useful for morphologically
complex languages like Ukrainian. Recent availability
of WordNet-compatible dictionaries for Ukrainian
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potentially makes meaning-based matching available
(Siegel, 2024). A later iteration of the metric, called
METEOR-NEXT, introduces improvements to the
algorithm’s sentence aligner and scoring scheme,
as well as tunes the metric’s parameters to optimize
its correlation with the Human-targeted Translation
Error Rate (Denkowski and Lavie, 2010).

Metrics Based on Edit Distance

A different approach to measuring MT quality
envisaged measuring the distance or effort it would
take an editor to edit the MT hypothesis so it would
match the reference translation.

Translation Error Rate, or TER in short, proposed
in (Snover et al., 20006), is the first metric to follow
this approach. It is defined as the “minimum number
of edits needed to change a hypothesis so that it
exactly matches one of the references, normalized by
the average length of the references”. Edits include
insertions, deletions, substitutions of single words,
and shifts of word sequences within the hypothesis,
all scored at equal cost. The TER score is calculated
by dividing the number of edits by the length of
the reference translation if there is only one, or the
average length of the reference translations if there
are many presented.

To address some of the limitations of TER, a
variant TER, called Human-targeted TER or HTER
is also described. This variant makes use of human
annotators to create targeted references. The HTER
metric involves a human annotator editing a system-
generated hypothesis to make it both fluent and
semantically equivalent to the reference, while
minimizing edits. The TER score is then calculated
using this human-created targeted reference.

Snover et al.’s results show that “METEOR
correlates with human judgments better than TER,
when given the same number of references, but that
HTER correlates with human judgments better than
HMETEOR”.

Still, TER requires an exact match between the
hypothesis and the reference on the word level. This
means that, because it only measures the number of
edits between the best reference and the hypothesis,
it does not take into account semantic equivalence or
synonymy. For the same reason, TER will consider
different morphological forms as completely different
words.

WER (word error rate) is a metric similar to TER,
but mostly used in evaluation of automatic speech
recognition (Klakow and Peters, 2002). WER focuses
on word substitutions, insertions, and deletions, but
unlike TER, ignores word sequence shifts.

In general, it should be noted that word-level
metrics based on either n-gram matching or edit

AxryasbHi mMTaHHS TymMaHiTapHMX Hayk. Bum 89, tom 2, 2025

MogoszHaBscTBO. AiTEpaTypO3HABCTBO

...............................................................................

distance estimation should not be expected to be
accurate for target languages that are morphologically
rich, have a high degree of inflection, and allow
variation in word order, like Ukrainian. Word-level
metrics can unjustly penalize differences between
word forms by discounting them as full mismatches.
They can also penalize word order shifts that are
natural to the target language and do not in fact affect
translation meaning.

If word-level metrics need to be used for
languages with a high degree of morphological
flexibility (e.g., in a large experiment with multiple
languages for consistency), strategies like stemming
and lemmatization can be useful to mitigate this
over-penalization. For instance, (Servan et al., 2016)
proposes an extension of the METEOR metric using
a function called Morphy-7WNI which firstly checks
special cases in an exception list and secondly uses
rules to lemmatize words according to their syntactic
class. For Ukrainian in specific, the Ukrainian version
of PyMorphy2 (Korobov, 2015) can be used for a
similar purpose.

Character-Based Metrics

Sequence-matching MT quality metrics, however,
are not limited to matching sequences of words.
Instead of matching whole words, ChrF computes
F-scores over character n-grams (Popovi¢, 2015).
This approach tends to be more forgiving of the
morphological variations common in morphologically
rich languages since it can capture similarities even
when morphological word forms differ.

BEER, or Better Evaluation as Ranking, is a
learned metric for evaluating machine translation
(MT) quality that uses a regression model based on
character n-grams and word bigrams (Stanojevic and
Sima’an, 2014). It goes beyond n-gram matching
by training a regression model to best correlate with
human judgment. As such, it requires a human-
annotated bilingual corpus for the language pair and
domain in question to be representative.

Vector Embedding-Based Metrics

Word vector embeddings, such as those created
by models like Word2Vec (Mikolov et al., 2013)
and GloVe (Pennington et al., 2014) have allowed
linguists to capture the distributional semantics of
words based on their co-occurrence patterns in large
text corpora in the form of dense vectors of floating-
point numbers. This idea is rooted in the distributional
hypothesis (often summarized as “You shall know
a word by the company it keeps”), as articulated in
(Firth, 1957). These models map words to dense
vectors, capturing relationships between words based
on their context. Vector embeddings have been used
as a proxy for meaning, because words with similar
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meanings tend to have similar vector representations
when compared using various metrics like cosine
similarity or Euclidean distance, among others. This
enables matching not by word — or character-level
equivalence, but by semantic similarity, meaning
that words or phrases don't have to be identical to
be considered similar, which differs from word — or
character-level matching.

In the context of MT quality metrics, vector
embeddings have enabled comparisons between MT
hypotheses and reference translations by the similarity
of the former’s vectors to those of the latter (Sun and
Wang, 2024).

It’s also worth distinguishing between static word
embeddings (like Word2 Vec) and contextualized word
embeddings (generated by large models like BERT,
ELMo, XLM). Contextual embeddings generate
different vector representations for the same word
depending on the surrounding words, which allows
them to capture more nuanced semantic relationships.

It is also worth pointing out that vector-based
metrics using vector embeddings generated by
multilingual models like BERT and XLLM appear to
be effective for languages other than English (Zhang
et al., 2020).

METEOR-VECTOR is a later version of the
METEOR metric that uses vector embeddings to
enhance its matching capabilities.

YiSi (Lo, 2019) and its variants, such as YiSi-2,
are metrics that use word or contextual embeddings to
compute semantic similarity between hypothesis and
reference sentences. They work by aligning tokens or
subword units in the candidate and reference based
on their cosine similarity (the cosine of the angle
between two vectors, or equivalently the dot product
between their normalizations) in an embedding space,
then aggregating these similarity scores (possibly
with additional weighting schemes) to produce an
overall quality score

BERTSCORE uses contextualized token
embeddings from BERT to calculate the similarity
between two sentences. It computes similarity as
the sum of cosine similarities between the tokens'
embeddings using a greedy matching (Corley and
Mihalcea, 2005). It calculates precision, recall, and
F1 scores based on these similarities.

BLEURT (Sellam et al., 2020) also utilizes
BERT-based contextual embeddings to capture
semantic similarities between candidate and reference
sentences. The model undergoes a two-phase training
process that includes pre-training, where the model
is initialized with a pre-trained BERT and further
trained on synthetic data derived from Wikipedia.
This data is perturbed to simulate various linguistic
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variations, enhancing the model's robustness to
domain and quality shifts; then BLEURT is fine-tuned
on human-rated translations from datasets such as the
WMT Metrics Shared Task, aligning its evaluations
with human judgment. This training regimen enables
BLEURT to effectively evaluate fluency and adequacy
in translations, often achieving higher correlations
with human assessments compared to metrics like
BLEU. However, (Yan et al., 2023) has identified
potential robustness issues, such as the presence of
universal adversarial translations — inputs that receive
high scores despite being inadequate.

Prism (Thompson and Post, 2020) is an automatic
metric for machine translation evaluation that is based
on a multilingual neural machine translation (NMT)
model which functions as a paraphraser. It uses token-
level probabilities from the paraphraser to evaluate the
quality of translations. Due to its design, the metric
can be used with or without reference translations.

COMET (Rei et al.,, 2020) is a vector-based,
learned metric for evaluating machine translation
quality. It focuses on optimizing for correlation with
human judgments. COMET models can be trained
with different objectives, including direct assessment
(DA), human-targeted translation edit rate (HTER),
and multi-dimensional quality metrics (MQM).
COMET utilizes a highly multilingual encoder, which
allows it to work well even when English is not the
target language. COMET has been enhanced (Rei et
al., 2022) with integration of OpenKIWI, a Pytorch-
based open-source framework for translation quality
estimation (Kepler et al., 2019). In (Rei et al., 2023),
the model and training sizes for COMET were scaled
up, among other optimizations.

MetricX (Juraska et al., 2023) is Google’s recent
translation quality metric. It is a learned regression-
based metric that utilizes a pretrained language
model. As with other regression-based metrics, the
model is trained to infer a score that would have the
best possible. correlation with human judgments, as
expressed by DA and MQM ratings.

Selecting a Set of Metrics for MT System
Development

With the multitude of metrics available, finding a
metric or a combination of metrics is not a trivial task.

In our case, our end goal is to select metrics to
for benchmarking, development and iteration of new
machine translation systems. In our particular case,
we are interested in language pairs where the target
language is Ukrainian. Considering these constraints,
we would identify the following criterial for metric
selection:

a) Fitness for language pairs where Ukrainian is
the target language;
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b) High correlation with human evaluation;

c¢) Performance and compute cost permissive of
continuous iteration of emerging MT models.

Fitness for Ukrainian-target Language Pairs

In Ukrainian, a language with rich morphological
variety and more flexible word order, metrics based
on matching sequences of words will excessively
penalize word forms by scoring them as different
words. Therefore, for languages like Ukrainian,
character-level or embedding-based metrics are
preferrable. As mentioned above, in the cases when
word-level metrics still have to be used, preliminary
stemming or lemmatization are recommended.

This means that n-gram based metrics like BLEU,
ROUGE and NIST, and TER are not advisable to be
used for Ukrainian-target language pairs in their naive
form. A word-level metrics that may be recommended
is METEOR, provided that stemming is performed
pre-evaluation, and that Ukrainian-language similarity
dictionaries like “ukrajinet” are used.

Since ChrF is a character-level metric, it should be
less sensitive to morphological variety of languages
like Ukrainian and may therefore be recommended.

Metrics based on vector representations tend to
more robust and consistent than n-gram based ones
like BLEU, regardless of the language pair (Mathur
et al., 2020).

Since different morphological forms of the same
word would be relatively close to each other in
vector representations, metrics based on those are
not expected to penalize morphological variance of
languages like Ukrainian.

Correlation with Human Evaluation

The correlation of a metric with human judgement
is a key indicator of its effectiveness and reliability.
Studies like (Kocmi et al., 2021) and (Mathur et
al., 2020) evaluate the correlation between human-
targeted scores like MQM, SQM and DA and various
automated MT quality metrics using statistical
correlation analysis methods including Pearson,
Spearman correlation analysis, and Kendall’s Tau.

Such correlation studies show that in general,
learned metrics exhibit higher correlation with
human judgment than rules-based ones. For instance,
(Avramidis et al., 2023) points out that BLEU, SpBleu
or Chrfcorrelate poorly with human ratings and perform
less consistently than neural-based learned metrics.
(Kocmi et al., 2021) suggest that learned metrics like
COMET Prism, and BLEURT exhibit higher Pearson’s
and Spearman’s correlation with human-targeted
evaluations than BLEU. With this said, learned metrics
may exhibit biases from their training data.

A key consideration for using DA and MQM for
metric evaluation and training learned metrics for a
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language pair is the availability of annotated datasets
for the said language pair. (Paniv et al., 2024) are
assembling such a dataset, and although the primary
purpose of their effort is primarily to train an MT
system capable of translating to Ukrainian, these
parallel sentences may potentially be used to train
automated MT quality metric models as well.

Furthermore, creating an MQM dataset with
Ukrainian as a target language would be an important
contribution to machine translation quality assessment
for Ukrainian-target language pairs, which means that
future metrics could exhibit a stronger correlation
to human evaluation for Ukrainian. In turn, metrics
that better approximate human evaluation, especially
in a reference-free context, could lead to gradual
improvements in machine translation quality for
Ukrainian targets.

Performance and compute cost

Metrics based on string and character matching are
inherently less demanding in terms of compute than
learned metrics. However, even the learned metrics
based on comparatively large models like BERT or
XLM-Roberta-Large, can still be run at reasonable
scale on consumer hardware.

Emerging Improvements and Use Cases

(Kocmi et al., 2021) take MT quality metric
evaluation beyond statistical correlation with human-
targeted evaluation, introducing accuracy, the
measure of how well an automatic metric aligns with
human judgment in pairwise system comparisons.
Using this approach, they confirm that learned metrics
consistently out-perform sequence matching-based
ones like BLEU, TER and ChrF.

Another  advancement  beyond  statistical
correlation with human judgments is the development
of explainable and interpretable metrics. In
addition to a numeric score, such metrics produce
a “report” outlining detected translation errors and
discrepancies, indicating the span where such errors
have occurred (Guerreiro et al., 2024).

(Perrella et al., 2024) reference novel use cases
for automated quality metrics. Namely, reference-less
metrics like variations of COMET, can be used for
translation re-ranking. A re-ranking pipeline involves
an MT engine proposing several candidate translations,
areference-less metric algorithm ranking the candidates
based on the evaluated score, and the system proposing
the highest-ranking candidate to the user.

(Ramos et al, 2024) propose the use of
reinforcement learning with human feedback, or
RHLF, a recent technique to improve the quality of
the text generated by a language model, making it
closer to what humans would generate, to improve
the quality of attained machine translations. In this
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method, human annotations, or metrics trained on
human annotations, can be used as a reward model for
the algorithm’s self-improvement. The findings of this
study also demonstrate the effectiveness of combining
RL training with reranking techniques described
above, showcasing substantial improvements in
translation quality.

Conclusions

— Automated MT quality metrics are an important
tool for assessing the performance of MT methods,
their development and continuous improvement.

— MT quality metrics have evolved since the
early 2000’s from matching sequences of words or
characters, to algorithms based on large language
models trained to infer how human annotators would
evaluate a given translation.

— Word-level sequence matching metrics will
not perform consistently with translations where the
target language is Ukrainian, as they tend to over-
penalize rich morphological variety and free word
order inherent to the Ukrainian language. Sequence

...............................................................................

matching-based metrics can be used either on the
character level (ChrF), or on the word level with
mitigation strategies like lemmatization or stemming.

— As a rule, learned metrics tend to have a
stronger correlation with human assessments, in
terms of linear and pair-wise statistical metrics and
other methods.

— Reference-less metrics can be used for
continuous feedback and improvement of MT
systems using techniques like candidate re-ranking
and reinforcement learning with human feedback.

— For learned metrics, human-annotated
assessment data like MQM and DA datasets
constitute vital resources for training the metric
models. Although efforts for collecting such datasets
are underway, additional collection and annotation of
such datasets will constitute an important contribution
towards improving learned metrics for Ukrainian as a
target language in a variety of settings and domains,
and as a consequence, for improving the MT engines
themselves.
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