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Abstract

In simultaneous interpretation (SI), interpreters
perform real-time translation by segmenting
the source speech into chunks and translat-
ing them in the order they appear. Since
surface-matching metrics such as BLEU cor-
relate poorly with human evaluations, transla-
tion quality is often evaluated using neural met-
rics that measure semantic similarity, such as
COMET. However, while SI translation ideally
exhibits high monotonicity, COMET tends to
assign higher scores to offline translations with
long-distance reordering, because it is trained
on such offline translation data. To address this
gap, we propose Simul-COMET, a variation
of COMET adapted for SI evaluation specif-
ically designed for monotonicity. We train
Simul-COMET on the SI-style translation data,
which was converted from the offline transla-
tion of the COMET training data by leveraging
large language models. In English—Japanese
translation experiments, we demonstrate that
Simul-COMET assigns higher scores to SI-
style translations than to offline ones. More-
over, Simul-COMET shows stronger alignment
with evaluation scores provided by professional
interpreters than the original COMET. Simul-
COMET is available at https: //github.com/
kosuked/simul-comet.

1 Introduction

Simultaneous interpretation (SI) refers to the real-
time translation of spoken content from a source
language into a target language, requiring trans-
lation to begin before the source sentence ends.
This time constraint poses a challenge of balancing
translation quality and latency trade-off: accurate
translation needs more source context at the cost
of increased latency, while reducing latency entails
translating from partial input, increasing the risk
of errors. Human interpreters address this issue by

*This work was conducted while the author was affiliated
with NAIST.

Offline translation data with quality score

src: I am so grateful to Emmerdale.

off-ref. I¥—FTAIUCIE ARHICREBFLTVBAE,

( to Emmerdale am so grateful )

off-tgt: I¥N—F—)UCIF AZICREBLTVET,

(_to Emmerdale am so grateful )
(1) Generate si-ref
(2) Reorder off-tgt
src: I

am so grateful to Emmerdale.

Score: 99
— 85.42

Adjust score based on
monotonicity

si-ref: FAlE ETCHERBLTVET I—T1IUC,

(1 am do grateful to Emmerdale )

AYCREHHLTVET, IX—T-IICE

(_am_so grateful to Emmerdale )

Our Sl-style data

Score: 99

si—tgt: — 93.03

Figure 1: An example of offline and SI-style translation.
The reference and target from offline data (off-ref and
off-tgt, respectively) exhibit reordering of chunks com-
pared to the source (src). Using an LLM, specifically
GPT-40-mini, we generate SI-style reference (si-ref)
following Makinae et al. (2024a), and obtain SI-style
target (si-tgt) by reordering off-tgt. In si-ref and si-tgt,
the chunk order aligns with that of src.

segmenting a source sentence into a smaller unit,
i.e., chunks, and translating them in order (Jones,
2002; Yagi, 2000; He et al., 2016), and simultane-
ous speech translation (SiST) models employ the
same mechanism through decoding policies, which
determines whether to generate a partial hypothesis
or wait for more input (Liu et al., 2020; Papi et al.,
2022a, 2023). This leads SI sentences to exhibit
segment-level monotonicity as shown in Figure 1,
where the offline reference (off-ref) shows re-
ordering from the source (src) order, whereas the
SI-style reference (si-ref) aligns with it. This
monotonicity is an important aspect of SI quality
evaluation, especially in language pairs with dis-
tinct syntactic structures (Doi et al., 2024a; Maki-
nae et al., 2024a).

The translation quality of SiST models is evalu-
ated using popular metrics such as BLEU (Papineni
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et al., 2002), BLEURT (Sellam et al., 2020), and
COMET (Rei et al., 2020), with little considera-
tion for monotonicity.! One critical issue is that
the references used in these metrics are often of-
fline translations. Ko et al. (2023) and Zhao et al.
(2024) address this by using SI data for model eval-
uation, and Doi et al. (2024a) showed that si-ref
enable more accurate evaluation with metrics such
as BLEU and BLEURT. However, COMET tends
to assign higher scores to offline translations than
to SI-style translations even when si-ref is used,
because it is trained on offline translation data.

To address this gap, we propose Simul-COMET,
a quality metric trained on SI-style data with con-
sideration for monotonicity. COMET is a train-
able neural metric that learns from source, human-
scored target, and reference sentences. The default
COMET model?, wmt22-comet-da, is trained on
Direct Assessment (DA) data, comprising human
ratings from 0 to 100 assigned to outputs of offline
machine translation (MT) models (Graham et al.,
2013). However, collecting new data for SI-style
targets with human evaluations is time-consuming
and costly. Therefore, we leverage existing DA data
and convert its offline target sentences (of f-tgt)
into Sl-style translations (si-tgt) using a large
language model (LLM), while preserving their con-
tent and errors (see Figure 1). We adjust the DA
scores considering the monotonicity by penalizing
them according to the degree of reordering between
the source and target sentences. si-ref is also gen-
erated using an LLM from src (Sakai et al., 2024;
Makinae et al., 2024a, 2026).

In this study, we develop Simul-COMET for
SI between English and Japanese (en-ja), one
of the most structurally different language pairs
(SVO/head-initial vs. SOV/head-final), where
translation monotonicity has a stronger impact on
quality than in other pairs (Makinae et al., 2024a;
Doi et al., 2024a). Due to this challenging nature,
much prior work has focused primarily on this pair
(Sakai et al., 2024; Zhao et al., 2024). Furthermore,
in en-ja SI, many quality evaluation studies incorpo-
rate interpreters’ perspectives (Tohyama and Mat-
subara, 2006; Okamura and Yamada, 2023), en-
abling the validation of automatic metrics against
human judgments. Therefore, focusing on en-ja

'Some exceptions are Makinae et al. (2024a,b) and Sakai
et al. (2024), which evaluate the monotonicity based on Spear-
man’s rank correlation coefficient derived from source-target
alignment.

Zhttps://github.com/Unbabel/COMET

constitutes an essential first step for addressing
monotonicity and ensuring reliable validation. We
demonstrate that Simul-COMET assigns higher
scores to si-tgt than to off-tgt. Moreover,
Simul-COMET achieves a stronger correlation than
default COMET with evaluations based on Multi-
dimensional Quality Metrics (MQM)? conducted
by two professional simultaneous interpreters.

2 Background and Related Work
2.1 Metrics for Translation Quality

Numerous automated metrics have been proposed
for assessing the quality of MT outputs. Early
metrics, e.g., BLEU (Papineni et al., 2002), rely
on surface-level n-gram overlap. chrF++ (Popovic,
2017) and RIBES (Isozaki et al., 2010) address the
issue of BLEU for a more robust character-wise
matching and distant reordering, respectively.

However, these surface-matching-based met-
rics often correlate poorly with human judg-
ments (Sai et al., 2022), and neural-based met-
rics such as BLEURT (Sellam et al., 2020; Pu
et al., 2021) and COMET (Rei et al., 2020,
2022) have addressed the issue by using con-
textual embeddings to measure semantic simi-
larity. Despite the recent emergence of LLM-
based metrics such as GEMBA (Kocmi and Fe-
dermann, 2023), pre-trained language model-based
approaches like XCOMET (Guerreiro et al., 2023)
and MetricX (Juraska et al., 2023) remained the top-
performing metrics in the WMT24 Metrics Shared
Task (Freitag et al., 2024).

2.2 Evaluation of SiST

Automatic evaluation of SiST typically relies
on latency and quality metrics. Unlike latency,
for which SiST-specific metrics have been devel-
oped (Ma et al., 2019a; Papi et al., 2022b; Kano
et al., 2023; Papi et al., 2024; Makinae et al., 2025),
quality is often assessed using the MT metrics de-
scribed in Section 2.1. Machacek et al. (2023)
reported that MT metrics correlate with human
evaluations of SiST and recommended COMET
as the preferred metric, while their study did not
explore the metrics’ ability to distinguish between
offline and SI-style translations.

In contrast, Wein et al. (2024) argued that MT
metrics are easily affected by SI-specific phenom-
ena like segmentation and summarization. Word
order differences were also found to influence their

*https://themgm.org/
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scores (Doi et al., 2024a). To improve alignment
with human evaluations of SI, Wein et al. (2024)
fine-tuned MetricX on SI data, but they did not in-
corporate monotonicity aspect, focusing only on ad-
equacy and fluency. Makinae et al. (2024a) directly
evaluated monotonicity by aligning source and tar-
get tokens with Awesome-Align (Dou and Neubig,
2021) and computing Spearman’s correlation coef-
ficient. Given that monotonicity has been actively
studied in interpreting and translation studies, es-
pecially in the context of interpreter strategies and
comparisons with other interpreting modes (To-
hyama and Matsubara, 2006; Cai et al., 2020; Doi
et al., 2024b), its incorporation into the automatic
evaluation of SiST is an important challenge.

2.3 COMET

COMET is a translation quality evaluation met-
ric built upon a pretrained multilingual encoder,
such as XLLM-R (Conneau et al., 2020). It takes
the target, source, and reference as inputs, encod-
ing them into a shared embedding space. These
embeddings are combined to construct a feature,
which is used as input to the feed-forward regres-
sor (see Rei et al., 2020). The default COMET
model, wmt22-comet-da, is trained on DA data
to align with human preferences. DA is designed
to evaluate machine-translated sentences based on
adequacy and fluency, with human annotators, typi-
cally crowd workers, assigning scores on a 0 (poor)
to 100 (perfect) scale (Graham et al., 2013).

XCOMET is a variant of COMET designed to
identify error spans and compute an overall qual-
ity score. It uses MQM data for training, where
translations are annotated by experts with span-
level errors and their severity, i.e., 0 indicates no
errors and larger values denote poorer translation
quality. Other variants of COMET have also been
proposed, including COMET-QE (Rei et al., 2021),
which does not use references; models adapted to
low-resource languages or those not supported by
the default model (Sai B et al., 2023; Falcao et al.,
2024); and models that incorporate context to per-
form document-level evaluation (Vernikos et al.,
2022; Raunak et al., 2024).

2.4 Makinae et al.’s (2024a) SI Dataset
Construction Methodology

Although several SI corpora containing human in-
terpretations exist (Paulik and Waibel, 2009; Doi
et al., 2021; Wang et al., 2021; Przybyl et al.,
2022; Zhao et al., 2024), their creation is costly

and time-consuming, motivating an approach that
leverages LLMs to construct SI-style data auto-
matically. Makinae et al. (2024a) prompted GPT-
40 to segment source sentences into smaller units
based on the salami technique (Jones, 2002) and
translate them in order, enabling the generation of
SI-like monotonic translations (henceforth Mak-
inae et al.’s (2024a) Methodology). The salami
technique is a strategy used by interpreters that seg-
ments sentences into smaller units with sufficient
information for translation, allowing each segment
to mirror source syntax and thus speed up trans-
lation. Makinae et al. (2024a) demonstrated that
training SiST models on automatically generated
SI data benefited grammatically distant language
pairs, improving quality while reducing latency.

3 Simul-COMET

We propose Simul-COMET, a variant of COMET
trained on Sl-style DA (SI-DA) data instead of
conventional offline data. Inspired by Makinae et al.
(2024a), we generate Sl-style versions of offline
DA datasets using an LLM. We primarily focus on
en-ja, a typologically distant language pair (e.g.,
word order: SVO vs. SOV), which is particularly
challenging for SI (Sakai et al., 2024).

3.1 SI-DA Dataset Construction

As shown in Figure 1, COMET’s DA dataset con-
sists of three parts: source sentence (src), refer-
ence sentence (of f-ref), and machine-translated
target sentence (off-tgt). First, we generate SI-
DA datasets by creating corresponding SI-style
reference (si-ref) and target (si-tgt) sentences.
Next, we apply a filtering step to ensure that the
semantic coherence between si-tgt and of f-tgt.

Settings We employ GPT-40-mini (OpenAl et al.,
2024), with all other settings following those of
Makinae et al. (2024a)*. We use the en-ja subset of
the DA data from the WMT 2020 Metrics Shared
Task (Barrault et al., 2020)°, which is divided into
train, dev, and test splits containing 8,578, 500, and
500 sentences, respectively.

si-ref Following Makinae et al. (2024a), we
leverage an LLM to segment each src into mean-
ingful units based on the salami technique (Jones,
2002), and translate them in chunk order. We use
the Makinae et al.’s (2024a) methodology.
4https://github.com/naist—nlp/SimulST

5https://github.com/Unbabel/COMET/tree/master/
data
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System

(You are an experienced English—Japanese
simultaneous interpreter. Your task is to generate a
simultaneous interpreting sentence whose meaning is
\exactly equivalent to a given translation.

User

(Instructions: 2

‘Salami technique’ in simultaneous interpreting refers

to a technique where the interpreter breaks down the

source language input into smaller, manageable
segments that each contain enough information to be
accurately interpreted. You will be given a pair of
source and translation sentences.

1. Segment a given source sentence into chunks.
Please make sure to segment it so that each chunk
forms a meaningful unit for simultaneous interpreting.

2. Segment a given translation sentence based on
Japanese “bunsetsu”.

3. Align ALL the bunsetsus to source chunks without
changing the order. Make sure that ALL the
bunsetsus are aligned to a source chunk.

4. Save them in a list.

(Examples here)

?oume:. . Targetdata here
ranslation:
\
Output
/{"segrnented_pair": [ N\

{ “segmented_src”: “It also”,
“segmented_tgt”: [ “F=. " 1},
(also,)
{ “segmented_src”: “did not take into account”,
“segmented_tgt”: [ “ERBLEME, " 1],
(did nottakeinto account.)
{ “segmented_src”: “levels of indoor air pollution.”,
“segmented_tet”: ["EREKFLD, "LAIE" 1],
(ofindoor air pollution  levels)
“output si”: “Fhz, / EELEHOE, / BERESFLEOLALE” )
\ (also, / did not take into account. / levels of indoor air pollutiory

Figure 2: Prompt template for converting of f-tgt in
the DA data to si-tgt. We prompt GPT-40-mini to
segment the src and of f-tgt, and align the segmented
of f-tgt phrases to the src chunks. The examples used
are shown in Appendix A.

si-tgt Unlike si-ref, we need to create more
controlled sentences around monotonicity and
alignment for si-tgt in order to assign fine-
grained DA scores. Therefore, we create si-tgt
using the prompt shown in Figure 2. While
Makinae et al.’s (2024a) methodology considers
only src, we use both src and its corresponding
off-tgt. First, we segment the src into syntac-
tic chunk units, e.g., phrases, based on the salami
technique, and the of f-tgt into smaller units, i.e.,
bunsetsus which are Japanese phrase units®. Next,

SBunsetsus are basic syntactic units of dependency in
Japanese that consist of one or more content words followed
by zero or more function words (Kawahara and Kurohashi,

Threshold Precision Recall F1
0.80 0.5121 1.0000 0.6773
0.85 0.5338 0.9961 0.6951
0.90 0.6250 0.8661 0.7261
0.95 0.8493 0.4882 0.6200

Table 1: Optimal threshold for the BERTScore filtering

we align each unit of the of f-tgt to one of the src
chunks, even in cases where no clear correspon-
dence exists due to mistranslation or other errors.
We provide five-shot examples, each containing
sentence-level errors, as well as under-translation
and mistranslation at the chunk and phrase levels.
Finally, we obtain the results in JSON format’ to
ensure that all steps are executed step by step in
accordance with the instructions.

Filtering While LLMs generally follow instruc-
tions well, they are not perfect and are known to
occasionally fail at instruction following (Sakai
et al., 2024, 2025). To ensure that the si-tgt pre-
serves the same meaning as the of f-tgt, without
introducing any errors or hallucinations, we apply
filtering based on BERTScore (Zhang et al., 2020),
a token-level alignment-based similarity evalua-
tion metric. We compute BERTScore between the
off-tgt and si-tgt, and filter out the pair if any
of the BERTScore precision, recall, or F1 scores
fall below the threshold .. To determine an optimal
threshold for filtering, we asked an annotator to as-
sess the quality of all 500 sentences in the dev set,
judging whether each si-tgt preserved the same
meaning as the corresponding of f-tgt. We com-
puted precision, recall, and F1 scores for candidate
thresholds {0.80, 0.85,0.90,0.95}, and found that
a = 0.90 yielded the highest F1 score, as shown in
Table 1. Using this threshold, we finally obtained
6,078, 352, and 330 sentences for the train, dev,
and test sets, respectively, removing 2,500 (29.1%),
148 (29.6%), and 170 (34.0%) sentences.

3.2 Adjusting DA Scores

The original DA scores, assigned by human anno-
tators, are based on the accuracy of the translation.

2006). Preliminary experiments found that using the linguistic
term bunsetsu slightly improved performance for Japanese
compared to implicit segmentation based on the salami tech-
nique. This suggests that, when language-specific units such
as eojeol in Korean are accessible, they may be more effective
for other languages, while the salami technique can be applied
elsewhere to support generalization.
7ht’cps: //platform.openai.com/docs/guides/

structured-outputs
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To incorporate monotonicity with respect to the
src, we adjust these scores accordingly. Specif-
ically, we adjust the DA scores after min-max
normalization®, DA = DA;,...,DA;,...,DA;,
where I denotes the number of sentence pairs, as
defined by the following equation:

DAT" = DA; — penalty™ (1)
penalty;” = 0.25 x (1 — MS;), ()

where DA™ is the translation quality score for the
i-th sentence, adjusted by its monotonicity score
M S;. Following Makinae et al. (2024a), M.S; is
computed by aligning source and target tokens
using Awesome-Align (Dou and Neubig, 2021),
and then calculating Spearman’s correlation coef-
ficient’. M S; equals 1 when the word order of
the target sentence perfectly aligns with that of the
source sentence. Accordingly, the greater the word
order difference between the source and target, the
lower the adjusted score D A} becomes, compared
to DA;. We limit the maximum penalty applied
to the score to 25%, inspired by the rule used for
creating the DA Relative Ranks dataset (Ma et al.,
2019b). This approach follows the common prac-
tice of subtractive penalties, such as the brevity
penalty in BLEU (Papineni et al., 2002; Post, 2018),
and enables modified DA scoring that penalizes
based solely on monotonicity.

3.3 Model Training

We train Simul-COMET using the training data
described in Section 3.1 and 3.2. Inspired by
prior work on adapting COMET to unsupported
or low-resource languages (Sai B et al., 2023;
Falcdo et al., 2024), we employ two training ap-
proaches: (1) training models from scratch, and
(2) fine-tuning the default COMET model, i.c.,
wmt22-comet-da under three setting scenarios:

(a) Offline: We used the en-ja subset of the DA
data without modification. Both the target and ref-
erence sentences are offline-based translations, i.e.,
off-tgt and of f-ref.

(b) SI: We used our constructed SI-DA data.
Both the target and reference sentences are SI-style
translations, i.e., si-tgt and si-ref.

(c) Mixed: The target sentences include both
offline-based and SI-style translations, while the

8We refer to the procedure for preparing DA scores for
COMET training, as described in https://github.com/
Unbabel/COMET/issues/131.

We rescaled the scores from [—1, 1] to [0, 1].

reference sentences are all SI-style translations, i.e.,
off-tgt, si-tgt, and si-ref.

For each data type, we used two types of the
DA scores: (i) offline DA scores (da), which
are directly assigned from the original offline
dataset, and (ii) monotonicity-adjusted SI-style
DA scores (mono), which reflect monotonicity
with respect to the source sentence structure.

Therefore, we trained models under six settings,
corresponding to the combination of three data
types and two DA score types: (a-i) off-da, (a-
ii) off-mono, (b-i) si-da, (b-ii) si-mono, (c-i) mix-
da, and (c-ii) mix-mono. For each setting, we ap-
plied both training approaches, i.e., training from
scratch and fine-tuning from original COMET, re-
sulting in a total of 12 models. Since we adjusted
the scores of of f-tgt and si-tgt in the same pro-
cedures (see Section 3.2) based on the degree of
monotonicity with respect to the source sentence,
the scores for of f-tgt examples were lower than
those for si-tgt. Therefore, we introduce no ex-
plicit signal for target sentence types, as the models
can learn the input-score relationship from these
data. In all settings, we trained the models for
five epochs using mean squared error (MSE) loss.
We followed the hyperparameter settings used in
wmt20-comet-da'’. For each setting, we selected
the best checkpoint based on Kendall’s rank corre-
lation coefficient on dev set.

4 Experiments and Analysis

4.1 Analysis of SI-DA Dataset Quality

Settings We examined the quality of the SI-DA
dataset from the perspectives of monotonicity and
semantics. One purpose of constructing the SI-
DA dataset is to create reference and target sen-
tences monotonic to the source sentences. To exam-
ine whether the si-ref and si-tgt exhibit higher
monotonicity than the of f-ref and of f-tgt, we
calculated the monotonicity scores of these four
types of sentences using the metric proposed by
Makinae et al. (2024a) (see Section 2.2).
Moreover, in creating si-tgt from of f-tgt, its
content and errors should be preserved. We calcu-
lated BERTScore and COMET, using si-tgt as
the hypothesis and of f-tgt as the reference, to
examine whether their meanings were equivalent.
The quality of si-ref is assessed using COMET-

Ohttps://github.com/Unbabel/COMET/files/
8502021 /wmt20-comet-da-hyper-parameters.zip
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Reference

off-ref off-tgt

Target

si-ref si-tgt

BERTScore

Precision Recall F1

COMET

Train 0.76 (0.19) 0.91 (0.11) 0.80 (0.18) 0.91 (0.10)
Dev  0.76 (0.20) 0.90 (0.12) 0.78 (0.18) 0.91 (0.11)
Test 0.77(0.18) 0.91 (0.11) 0.81(0.17) 0.90 (0.12)

Train  0.95 (0.03) 0.95(0.03) 0.95 (0.03) 0.91 (0.06)
Dev  0.95(0.03) 0.95(0.03) 0.95(0.03) 0.91 (0.06)
Test  0.96 (0.03) 0.95(0.04) 0.95(0.03) 0.91(0.07)

Avg. 0.77 0.91 0.80 0.91

Avg. 0.95 0.95 0.95 0.91

Table 2: Monotonicity scores for the reference and target
sentences in the original DA and our SI-DA data (off-*
and si-*, respectively). Values in parentheses indicate
standard deviations (SDs).

QE (Rei et al., 2021), consistent with the validation
protocol adopted by Makinae et al. (2024a).

Monotonicity Analysis Table 2 presents the
monotonicity scores for the reference and target
sentences in the original DA and our SI-DA data.
The results show that the generated si-ref and
si-tgt are more monotonic than translations in
the original DA data. The average monotonicity
scores for the en-ja subsets of MuST-C (Di Gangi
et al., 2019) and Simul-MuST-C (Makinae et al.,
2024a) are 0.7743 and 0.9073, respectively'!,
which closely match the values in Table 2. These
results suggest that our method successfully con-
verted offline translations into SI-style by increas-
ing their monotonicity.

Semantic Analysis Semantic similarity scores
between off-tgt and si-tgt assessed using
BERTScore and COMET are shown in Table 3.
The scores were generally high, with all values
exceeding 0.9. These results suggest that the con-
verted si-tgt preserved the meanings and errors
of the of f-tgt, although human annotations show
that some were not semantically identical despite
high automatic scores.

The COMET-QE scores for ref-si were 0.8327,
0.8339, and 0.8371 for the train, dev, and test sets,
respectively, indicating that the generated sentences
are of relatively high and consistent quality across
splits.

4.2 Performance of Simul-COMET

Settings To verify that Simul-COMET models
assign higher scores to SI-style translations than
to offline translations, we computed their scores
on the test set using two types of target sentences:
off-tgt and si-tgt. The of f-tgt is taken from
the original DA data, i.e., offline translation, while

'We converted the scores reported in Makinae et al.
(2024a), originally in the range of [-1, 1], to the [0, 1] range.

Table 3: Semantic similarity scores between off-tgt and
si-tgt, calculated using the off-tgt as the reference. Val-
ues in parentheses indicate SDs.

Models Scratch Fine-tuning
wmt22-comet-da —0.0366 -
off-da —0.0284 —0.0373
off-mono —0.0328 —0.0286
si-da —0.0083 —0.0109
si-mono —0.0105 —0.0068
mix-da —0.0073 —0.0083
mix-mono +0.0087 +0.0030

Table 4: Differences in Simul-COMET scores, calcu-
lated as the si-tgt score minus the of f-tgt score. Pos-
itive values indicate that a model assigns higher score to
si-tgt than to of f-tgt, while negative values indicate
the opposite. All differences between the si-tgt and
of f-tgt are statistically significant (p < .05).

the si-tgt is SI-style translation generated by the
method described in Section 3.1. We used si-ref
as the reference data for both target sentences.

Simul-COMET Scores The difference in Simul-
COMET score between si-tgt and of f-tgt are
shown in Table 4. The default COMET model, i.e.,
wmt22-comet-da, tends to assign higher scores to
off-tgt than to si-tgt, which aligns with the
results reported in Doi et al. (2024a). The same ten-
dency was found in the proposed models: of f-tgt
received higher evaluations than si-tgt in all set-
tings, except for the mix-mono models.

The performance of the si-mono models sug-
gests that training Simul-COMET models using
only SI-style target and reference sentences is in-
sufficient. In our data, both of f-tgt and si-tgt
are penalized based on their monotonicity with re-
spect to the source sentences. To enable models to
assign scores that reflect the degree of monotonic-
ity in a translation, it is essential to mix of f-tgt
and si-tgt examples so that models can learn the
differences in their scores.

We further examined the effectiveness of using
DA-SI data for training by calculating the win rate,
i.e., the proportion of instances where si-tgt was
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Models Scratch Fine-tuning
wmt22-comet-da 0.1429 -
off-da 0.1492 0.1134
off-mono 0.1371 0.1539
si-da 0.3388 0.1984
si-mono 0.2254 0.2520
mix-da 0.3443 0.3169
mix-mono 0.6748 0.6531

Table 5: The proportion of instances where si-tgt was
assigned a higher score than off-tgt.

assigned a higher score than of f-tgt. Table 5 in-
dicates that the win rates of the si-* models are
higher than those of the default and of f-* mod-
els, suggesting that using solely SI-style data has a
limited but positive effect on the model’s tendency
to assign higher scores to si-tgt. Only mixing
the of f-tgt and si-tgt, i.e., the mix-da setting,
was also effective, whose win rates were higher
than the default, of f-*, and si-*. However, the
results of mix-mono, which show a much higher
win rate than the other settings, suggest that mak-
ing Simul-COMET assign higher scores to si-tgt
than to of f-tgt requires training with mixed of-
fline and SI data along with monotonicity-based
score adjustment.

Score Distribution Analysis We observed that
the score range of Simul-COMET differs across
models; some models produced scores in a lower
range than that of the default COMET (see Ap-
pendix D). Therefore, we examined the score dis-
tributions of the training data for COMET and
its en-ja subset and found that the COMET data
include more samples in higher-scoring range
(mean=69.67, 68.68; SD=27.37, 20.09 for COMET
and en-ja data, respectively). Furthermore, similar
SDs were observed after monotonicity modifica-
tion (mean=63.68, 66.33; SD=20.40, 20.24 for off-
mono and si-mono, respectively), suggesting that
the observed score range differences arise from the
score distributions used during training.

We also observed differences in pseudo log-
likelihood (PLL; Kauf and Ivanova, 2023)
computed with XLM-R between off-tgt and
si-tgt: PLL=—84.88, —91.83; length-normalized
PLL=-2.60, —2.83, respectively. This difference
suggests that XLM-R produces different sentence
embeddings for of f-tgt and si-tgt, which may
influence the output score ranges of the trained
Simul-COMET models. These findings suggest

that differences in the target sentences themselves
as well as differences in the quality-score distribu-
tions of the training data contribute to the observed
differences in the Simul-COMET scores.

4.3 Human Evaluation

Settings To demonstrate that Simul-COMET
models align with human evaluation of SI, we used
the actual SI sentences produced by professional
simultaneous interpreters. While Section 4.2 has
shown that Simul-COMET captures monotonic-
ity, this section examines its effectiveness in more
realistic settings where human simultaneous inter-
pretation reflects an interaction between fluency
and monotonicity.

We extracted 243 en-ja SI segments from a press
conference given by Aung San Suu Kyi at the Japan
National Press Club!?. We designed MQM-based
guidelines'? to independently assess SI quality in
terms of accuracy, fluency, and monotonicity (see
Appendix E), and asked two professional simulta-
neous interpreters, who did not perform the SI of
this press conference, to evaluate its quality using
the guidelines. Both interpreters who conducted
the evaluation have over 20 years of SI experience.

Following the translation quality guidelines
developed by the Japan Translation Federation
(JTE)'4, E¢, the error score for error category ¢
in the 2-th sentence, was calculated as follows:

Ef = w, x (severity score) 3)

where w, is a weighting parameter representing
the importance of error category c, selected from
{0.5,1.0,1.5,2.0}. The severity score is assigned
as 100, 10, 1, and O for critical, major, minor,
and none severities, respectively. The overall er-
ror score for the ¢-th sentence is computed as the
sum of the error scores over all error categories.
We report results using w. = 1.0, i.e., the default
in the JTF guidelines, for all error categories: ac-
curacy, fluency, and monotonicity. We calculate
correlation coefficient between this overall error
score and Simul-COMET scores. We use SI sen-
tences obtained in the same manner as the si-ref
in the SI-DA dataset as references for computing
Simul-COMET scores.

Zhttps://www. jnpc.or. jp/archive/conferences/
34352/report#

3The guidelines were reviewed by professional interpreters,
and their feedback was incorporated into the final version.

14ht’cps: //www. jtf.jp/tips/translation_quality_
guidelines
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Figure 3: Human evaluation results conducted by two professional simultaneous interpreters

Categories Pre. Rec. F1 QWK Metric Rater A Rater B Avg. score
Accuracy 0.7604 0.7984 0.7609 0.4488 BLEU 0.0505  0.0917*  0.0597
Fluency 0.9333  0.9300 0.9316 0.1540 wmt22-comet-da 0.1250  0.0874 0.1324*
Monotonicity  0.8257 0.8313  0.8243  0.6260 mix-mono (scratch) 00817 00893 0.0903
mix-mono (fine-tuning) 0.1418* 0.1556*  0.1719*

Table 6: Inter-rater reliability based on multiclass preci-
sion (Pre.), recall (Rec.), and F1 scores and QWK

Inter-rater Reliability Figure 3 presents the
evaluation results conducted by two professional
simultaneous interpreters. The majority of SI sen-
tences were assigned a “none’ rating for accuracy,
fluency, and monotonicity (about 75% or more),
suggesting that they were relatively high-quality
SI sentences. For fluency and monotonicity, the
two raters used each label at similar rates (fluency:
about 95% and 5% for none and minor labels, re-
spectively; monotonicity: about 75%, 23%, and 2%
for none, minor, and major/critical labels, respec-
tively). In contrast, for accuracy, one rater assigned
the none label to only about 78% of the segments,
whereas the other rater used it for about 90% of the
segments, indicating differences in rating severity
between the raters.

We calculated inter-rater reliability using mul-
ticlass precision, recall, and F1 scores, as well as
Quadratic Weighted Kappa (QWK), with the re-
sults summarized in Table 6. The F1 scores were
relatively high, exceeding 0.75 across the all eval-
uated categories. On the other hand, the QWK
scores for accuracy and fluency were relatively low,
corresponding to moderate and slight agreement
according to the criteria of Landis and Koch (1977),
respectively, suggesting a degree of inconsistency
between the raters’ assessments. The QWK score
for monotonicity indicated substantial agreement,
probably because it was evaluated by comparing
the word order of the SI sentence with that of the
source, while the other two categories largely rely

Table 7: Spearman’s rank correlation coefficients be-
tween automatic metric scores and human evaluation
scores. Avg. score indicates the correlation between au-
tomatic metric scores and the average of the scores pro-
vided by Rater A and Rater B. * indicates that the corre-
lation coefficient was statistically significant (p < .05).

on subjective interpretation by the raters.

Correlation with Automatic Metric Scores The
correlation coefficients between human evaluation
and Simul-COMET scores were computed using
the mix-mono models, which demonstrated the abil-
ity to assign higher scores to si-tgt in the test set.
Table 7 reports Spearman’s rank correlation coeffi-
cient'> between the overall error scores for the SI
sentences and the Simul-COMET scores produced
by the mix-mono models as well as BLEU and the
default COMET model, wnt22-comet-da. Since
the original human evaluation scores represent er-
ror values, i.e., lower values indicate better quality,
we used their negative values to compute correla-
tion coefficient. We computed the correlation with
Rater A and Rater B individually, as well as with
the average of their scores.

BLEU exhibits substantially weaker correlation
with human judgments than the COMET-based
models and its correlation coefficients are not sta-
tistically significant. Among the COMET-based
models, the mix-mono (fine-tuning) model
achieved the highest correlation with the averaged

>We observed similar trends using Kendall’s rank corre-
lation coefficient, the results of which are reported in Ap-
pendix F.
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human scores (p = 0.1719, p < 0.05), followed
by the wmt22-comet-da model (p = 0.1324, p <
0.05), while the mix-mono (scratch) model did
not reach statistical significance (p = 0.0903,
p = 0.1606).

We further conducted paired bootstrap resam-
pling (Koehn, 2004) with 10,000 iterations, and ob-
served that the mix-mono (fine-tuning) model
outperformed the wmt22-comet-da model in 9,195
iterations, yielding a 90% confidence interval of
[0.004, 0.160]. The mix-mono (fine-tuning)
model also demonstrated a statistically signifi-
cant correlation with the scores from both Rater
A and B, whereas the other two models did not.
These results suggest that fine-tuning approach im-
proves the alignment between Simul-COMET pre-
dictions and human judgment in the evaluation
of SI sentences. The poor performance of the
mix-mono (scratch) model is likely due to the
limited amount of training data.

As described in the setting section, the JTF
guidelines allow users to assign different weights
to error categories. We calculated correlation co-
efficients for all 64 possible combinations of er-
ror weights and ranked the three models. Ta-
ble 8 reports the average ranking of each model,
grouped by the relative weight of each error cat-
egory. The results show that the model rankings
remain unchanged across all weight configurations,
with the mix-mono (fine-tuning) model ranked
first, followed by the wmt22-comet-da model and
the mix-mono (scratch) model. The consistent
outperformance of the mix-mono (fine-tuning)
model over the wmt22-comet-da model supports
its effectiveness in capturing human preferences in
SI evaluation.

5 Conclusions

In this study, we proposed Simul-COMET, a metric
for SI quality evaluation designed for monotonic-
ity. In SI quality evaluation, translations with high
monotonicity should be preferred, but COMET
tends to assign higher scores to offline translations
with reordering than to SI-style monotonic transla-
tions. Instead of collecting new data, we leveraged
existing DA data by converting its offline sentences
into SI-style sentences using LLMs, which were
then used to train Simul-COMET models.

Our experiments in en-ja pair showed that Simul-
COMET assigned higher scores to SI-style transla-
tions than to offline translations. We also demon-

Type N wmt22 scratch fine-tuning
a>f>m 4 2.00 3.00 1.00
a>m>f 4 2.00 3.00 1.00
f>a>m 4 2.00 3.00 1.00
f>m>a 4 2.00 3.00 1.00
m>a>f 4 2.00 3.00 1.00
m>f>a 4 2.00 3.00 1.00
a=f>m 6 2.00 3.00 1.00
m>a=f 6 2.00 3.00 1.00
a=m>f 6 2.00 3.00 1.00
f>a=m 6 2.00 3.00 1.00
f=m>a 6 2.00 3.00 1.00
a>f=m 6 2.00 3.00 1.00
a=f=m 4 2.00 3.00 1.00

Table 8: Average ranking of the models for different
error weights, grouped by the relative weight magnitude.
a, f, and m denote accuracy, fluency, and monotonic-
ity, respectively. wmt22, scratch, and fine-tuning rep-
resents wmt22-comet-da, mix-mono (scratch), and
mix-mono (fine-tuning) models, respectively. For
example, a = f > m indicates that the weights assigned
to accuracy and fluency are equal, and they are greater
than the weight assigned to monotonicity, such as (a, f,
m) = (1.5, 1.5, 1.0). N indicates the number of possible
combinations for the type.

strated that Simul-COMET exhibited a stronger
correlation with human evaluation scores by profes-
sional simultaneous interpreters than the original
COMET. The results suggest that monotonicity-
aware evaluation is a promising and necessary di-
rection for SI evaluation. While this study focused
on Sl for en-ja, one of the most structurally diver-
gent language pairs, future work will expand our
method to a multilingual setting.

6 Limitations

Scalability of the other language pairs We fo-
cused on en-ja SI because this language pair ex-
hibits significant structural differences, and transla-
tion monotonicity has a greater impact on transla-
tion quality compared to other language pairs (Mak-
inae et al., 2024a; Doi et al., 2024a). Developing
a monotonicity-aware evaluation method for one
of the most challenging language pairs constitutes
a crucial step toward the future extension to other
language pairs. However, our proposed method
for converting off-tgt into si-tgt relies on a
characteristic of Japanese language that allows rel-
atively flexible word order. Developing methods
to construct SI-style data that reflect how human
interpreters maintain monotonicity in target lan-
guages with strict word order constraints remains a
challenge for future research.
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Another challenge related to extending Simul-
COMET to multiple languages is the difficulty of
recruiting human annotators. Our approach of au-
tomatically creating training data using LLMs can
reduce data construction costs, but automated eval-
uation metrics need to be assessed to determine
whether they align with human judgments. Incorpo-
rating SI perspectives into evaluation requires expe-
rienced simultaneous interpreters, who are difficult
to find and costly to engage. Furthermore, there
is substantial research on en-ja SI quality that in-
corporates interpreters’ perspectives (Tohyama and
Matsubara, 2006; Okamura and Yamada, 2023),
whereas interpreter-oriented evaluation criteria be-
yond the en-ja pair remain less well established.
Due to limited available resources, this study con-
ducted experiments only on en-ja, but future work
should explore multiple languages.

Fluency of si-tgt Since our method reorders
words in the of f-tgt to create si-tgt, it may
potentially produce unnatural Japanese sentences.
We attempted to modify the prompt in Figure 2
by adding an instruction to naturally connect the
Japanese segments, but this resulted in loss of align-
ment with the source word order. Sakai et al. (2025)
observed that LL.Ms do not always follow instruc-
tions to generate sentences using specified words in
a given order, with the best performance reaching
only around 75%. They also argue that LLMs tend
to maintain the naturalness of generated sentences.
We hypothesize that adding an instruction to make
the output more natural strengthened this tendency,
leading LL.Ms to ignore the word order constraints.
However, since humans can produce natural mono-
tonic translations (Fukuda et al., 2024), generating
similarly natural SI-style sentences with LLMs is a
problem to be addressed in future research.

Impact of Using LLMs for Data Construction
Although previous work has justified the use of
LLMs (Cegin et al., 2023; Anikina et al., 2025),
errors or biases introduced by an LLM may prop-
agate into metrics. To ensure that LLM-generated
SI sentences preserve the meaning of the original
COMET DA data, we applied BERTScore-based
filtering, and further assessed semantic preserva-
tion of the filtered sentences using BERTScore and
COMET (see Sections 3.1 and 4.1, respectively). In
addition, our mixed training setting combines LLM-
generated SI sentences with the original COMET
DA data, which reduces the impact of potential
noise or bias introduced by the LLM.

Moreover, errors and biases are not unique to
LLM-generated data because manually created
data may also contain errors and stylistic varia-
tions due to individual differences among inter-
preters (Fukuda et al., 2024; Mizoguchi, 2009).
Using LLMs also enables more consistent and
cost-effective data creation, and Simul-COMET
improved correlation with human judgments. How-
ever, our method creates si-ref using an LLM,
specifically GPT-40-mini, which makes the metric
unsuitable for evaluating translation generated by
the same LLM. Further analysis of LLM-generated
data is required to fully clarify the limitations and
advantages of LLM-based data construction.

Correlation with human evaluation scores Our
proposed model showed only a weak correlation
with the human evaluation scores provided by
professional simultaneous interpreters, although
its correlation coefficient was higher than that of
wmt22-comet-da. While human evaluation was
conducted along three dimensions, i.e., accuracy,
fluency, and monotonicity, our model, mix-mono
(fine-tuning) addressed only the monotonicity
aspect. Since our offline-to-SI conversion method
may degrade fluency in the target language, gener-
ating more fluent SI-style translations may improve
the correlation with human judgment scores.

Furthermore SI-specific phenomena, e.g., sum-
marization and omission, were not treated as er-
rors in the human evaluation criteria for accuracy,
whereas they may have been considered errors in
the original DA scores. Simultaneous interpreters
are known to apply interpretation strategies based
on contextual understanding, and the correlation
with human evaluation scores will improve further
if quality scores can be designed to account for the
use of such strategies.

7 Ethical Considerations

License of codes and dataset for training
COMET models This study utilized the codes
and dataset'®, which is governed by the Apache
License 2.0. The license permits use, modification,
and distribution of the software and associated data,
including for commercial and research purposes,
provided that proper attribution is given and the
terms of the license are respected.

Ownership rights about outputs of the LLMs
The SI-DA data was created using GPT-40-mini

"https://github.com/Unbabel/COMET
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and is therefore subject to OpenAl’s license
terms'’. OpenAl assigns to us all rights, titles,
and interests in and to the output.

Moderations The SI-DA data originates from a
part of WMT20 DA data, whose source texts were
extracted from online news websites (Barrault et al.,
2020). Some of the texts include violent or sensi-
tive content, e.g., wars and criminal cases. How-
ever, since these texts were originally published as
news articles on websites, and the WMT?20 dataset
is widely used, we believe the data do not pose any
critical ethical issues for research purposes.
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A The Example Sentences Used in the
Prompt for Converting Offline
Translations to SI-style Translations

In the prompt for converting of f-tgt to si-tgt,
as shown in Figure 2, we provided an LLM with
the following five examples. // represents seg-
ment boundaries and / represents boundaries for
Japanese bunsetsus. Note that the translation in the
third example contains corresponding words, but
the Japanese sentence is unnatural and does not
convey coherent meaning.

source: I’m an economist and we con-
duct so-called experiments to address
this issue.

translation: #3i%F5 & T, kT 57
DICKEZ L X9

segmented:

IRz

’m an economist $¥iF5E# T

and we conduct so-called experiments 5
B/ L X7

to address this issue. i d % =1
output:

B v ixgsea<. I FEEL £F. 1/
i@k 2 7=»ic [I// 'm an economist //
conduct experiments // to address]

source: Thousands of people in the se-
cretive nation were quarantined, but re-
strictions had recently eased.
translation: FNEEREZNZ< SADAN
bR S N E L7z dIFRIG I S h
EL7=

segmented:

Thousands of people /=< 2 A D/ Ah*

in the secretive nation VB ¥ 3%/ HFE D
were quarantined, FE#f/ S X L =0,
but restrictions had recently eased. lJfR
13/ RIT /R SN E L7z

output:
R IADAD N WBEREED /I Rk
SNELb /EIBIIRITHEN S N £ B

L 7/=. [Many people // in the secretive
nation // were quarantined, but // restric-

translation: #3IEHICEHL TV 5 &AL
hid vy zan. AT EfEPTETNS
£ ICENE,

segmented:

I’'m very disappointed F.13 / JE& 12 / JH
/LT3

and upset & / f#IE,

as we're packed /=513 /vy 73N,
and ready to go. 17 < / #fihs/ TE T/
5&I1C

output:
FOIIERICREL T s/ 8%, /7 F
HIosy 7 a3 HAT EfHTTE T
% X 92 [I’m very disappointed // and
upset // we’re packed // ready to go]

source: Kanye West issues public apol-
ogy to wife Kim Kardashian after mar-
riage revelations.

translation: 7 =T - v = Z 3. FEX
Lo =T T UICHIET 5.
segmented:

Kanye West 7 =T - w7 = Z M3,

issues public apology #lJEd 5.

to wife Kim Kardashian #/ % 2. - #—%
T UIC

after marriage revelations

output:

=T - ANI N #GET S, X
Ly - =% 7zl [Kanye West issues
public apology to wife Kim Kardashian]

source: To Kim I want to say I know I
hurt you.

translation: ¥ 41213, B bz L1z
Z->Tns e, FdEVWTT,
segmented:

To Kim ¥ 41213,

I want to say f\l3/ S\ /21 TF.

I know 15> Tw 3 &,

Lhurt you. s/ filh%/Liz0%
output:

FLICIE. #HIEEVWWTT, ST
Wa e Bz L zo% [To Kim // 1
want to say // I know // I did something]

Comparison of Methods for Generating

SI-style References

tions had recently eased]

source: I’'m very disappointed and upset
as we’re packed and ready to go.

As an alternative of the method proposed by Maki-
nae et al. (2024a), we attempted to generate si-ref
using a similar approach to that used for creating
si-tgt, i.e., segmenting src and off-ref into
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Method Human BERTScore F1 Monotonicity Fluency
Makinae et al. (2024a) 35 0.6911 0.8776 4.3600
Alignment 15 0.6814 0.8863 3.9800

Table 9: Comparison of methods for generating si-ref

Query What is a bunsetsu in Japanese language?

Response A bunsetsu can vary in length and complexity and is essential for understanding the structure of Japanese
sentences. For example, a bunsetsu may consist of a noun and its modifier, a verb, or even a complete subject-

predicate structure.

In practice, identifying bunsetsu helps in parsing sentences for better comprehension and translation.

Table 10: The prompt for asking about Japanese bunsetsu and the response from GPT-40-mini

chunks and aligning them. To compare the two Models Seratch Fine-tuning
methods, we used the first 50 sentences from the off-tgt si-tgt off-tgt si-tgt
dev set, shuffling them so tl'lat th? method used to wmi22-comet-da 0.8593 0.8227  — ~
generate each one was not identifiable. Then, the fda 08278 0.7994 0.6303 0.5930
first author selected the sentence that was better as off-mono 0.6356 0.6028 0.6314 0.6028
an SI sentenc.e. The human judgment res.ults along sida 0.6548 0.6465 0.6428 0.6310
with automatic metric scores are shown in Table 9. si-mono 0.6732 0.6627 0.6423 0.6355
The si-ref generated by the method of Makinae mix-da 0.8440 0.8367 0.6337 0.6254
et al. (2024a) was more preferred by the human mix-mono 0.7027 0.7114 0.6141 0.6171

rater and received higher scores in automatic eval-
uation metrics (except for monotonicity), so we
adopted their method in our experiments.

C Does an LLM Understand Japanese
Bunsetsu?

Our preliminary analysis showed that LLMs pos-
sess knowledge of Japanese bunsetsu structures.
Table 10 shows an example prompt and a response
from the GPT-40-mini, i.e., the LLM used in our
study.

This suggests that LLMs have the ability to
segment Japanese sentences into bunsetsus, but
Japanese syntactic parsers that can perform such
segmentation already exist, e.g., GinZA'® and
KNP (Kawahara and Kurohashi, 2006). In our pre-
liminary experiments, we segmented Japanese sen-
tences into bunsetsus using KNP, which takes mor-
phological analysis results from Juman++ (Morita
et al., 2015), finding that parsing failed for about
6.5% of the sentences in the dev set, e.g., in cases
where an MT output contained special character
types. We use bunsetsus in the process of convert-
ing of f-tgt to si-tgt; however, removing special
characters that causes parsing errors would conflict
with our goal of preserving the errors and meanings
of the of f-tgt.

Bhttps://github.com/megagonlabs/ginza

Table 11: Simul-COMET scores on the test set. The
references are ref-si in all settings. All differences be-
tween the of f-tgt and si-tgt are statistically signif-
icant (p < .05). For each model setting, the higher
score between off-tgt and si-tgt is shown in bold.

Therefore, we used an LLM, specifically GPT-
4o0-mini, for bunsetsu segmentation; however, its
agreement with the KNP-based segmentation re-
sults on the dev set was not high, at 0.56. We
analyzed the segmentation results from GPT-4o-
mini and KNP and found that GPT-40-mini did not
always segment at the points identified by KNP.
Since this was not a critical issue for aligning bun-
setsus with the source segments, we decided to use
GPT-40-mini, which did not produce parsing errors
on the dev set in our main experiments.

D Simul-COMET Scores

The Simul-COMET score results for of f-tgt and
si-tgt on the test set are shown in Table 11. Sim-
ilar to the default COMET, i.e., wmt22-comet-da,
Simul-COMET tended to assign higher scores
to of f-tgt than to si-tgt except for the mix-
mono models. In addition, Simul-COMET tended
to produce scores in a lower range compared to
wmt22-comet-da.

42530


https://github.com/megagonlabs/ginza

0.4

B wmt en-ja

0.3

0.2

0.1

0.0

Figure 4: Quality score distributions of training data
for wmt22-comet-da and Simul-COMET, denoted as
wmt and en-ja, respectively. The number of instances is
shown as proportions.
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Figure 5: Simul-COMET score distributions in the off-
da and si-da settings. off-tgt and si-tgt represent the type
of target sentences. The number of instances is shown
as proportions.

To examine these score range differences, we
analyzed the score distributions of the training data
for wmt22-comet-da and its en-ja subset, which
served as the training data for Simul-COMET. Fig-
ure 4 shows that the en-ja data are distributed
around a score of 70, whereas the COMET training
data includes more samples in the higher-scoring
range (mean=69.67, 68.68; SD=27.37, 20.09 for
COMET and en-ja data, respectively).

After applying the monotonicity penalty, i.e., the
training data for *-mono models, the score ranges
naturally become lower: mean=63.68, 66.33; SD=
20.40, 20.24 for off-mono and si-mono, respec-
tively. The SDs are similar to that of the original
en-ja data, indicating that the data distribution does
not change substantially. These findings suggest
that the differences in output score ranges arise
from the score distributions used during training.

However, in the scratch setting, the off-da
model produced scores in a higher range than

0.7
scratch (off-tgt)
0.61 mmm scratch (si-tgt)

fine-tuning (off-tgt)
Hl fine-tuning (si-tgt)

0.51
0.4
0.31
0.2

0.14

0.0 " ; ; pa
0.0- 0.1- 0.2- 0.3- 0.4- 0.5- 0.6- 0.7- 0.8- 0.9-

Figure 6: Simul-COMET score distributions in the mix-
mono settings. scratch and fine-tuning denote models
trained from scratch and fine-tuned from the default
COMET model, respectively. off-tgt and si-tgt represent
the type of target sentences. The number of instances is
shown as proportions.

the si-da model, despite having identical qual-
ity scores in the training data, as shown in Fig-
ure 5. We examined whether differences in the
target sentences themselves contribute to this by
analyzing their PLL computed with XLM-R. We
observed differences in PLL between of f-tgt and
si-tgt: PLL=—84.88, —91.83; length-normalized
PLL=-2.60, —2.83, respectively, suggesting that
XLM-R produces different sentence embeddings
for of f-tgt and si-tgt, which may influence the
output score ranges of the trained Simul-COMET
models.

In contrast, the mix-mono models assign higher
scores to si-tgt than off-tgt, as shown in Fig-
ure 6. These trends further support the effectiveness
of our strategies, which mix of f-tgt and si-tgt
and penalize quality scores based on monotonicity.

From these findings, it appears that differences
in the target sentences themselves, as well as dif-
ferences in the quality-score distributions of the
training data, contribute to the observed differences
in the Simul-COMET scores.

E MQM-based Guidelines

The rubrics used for human evaluation by profes-
sional simultaneous interpreters are shown in Ta-
ble 13. In addition to these rubrics, we provided the
interpreters with a set of guidelines that explained
the purpose and background of the evaluation, the
detailed evaluation procedures, and evaluation ex-
amples based on actual interpreted and translated
utterances. Note that all the document given to the
interpreters were in Japanese, but we present the
English version of the rubrics in this study, which
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Model Rater A Rater B Avg. score
BLEU 0.0328 0.0613*  0.0389
wmt22-comet-da 0.0967  0.0701 0.1008*
mix-mono (scratch) 0.0647  0.0733 0.0687
mix-mono (fine-tuning) 0.1099* 0.1250*  0.1295%*

Table 12: Kendall’s rank correlation coefficient between
automatic metric scores and human evaluation scores.
Avg. score indicates the correlation between automatic
metric scores and the average of the scores provided
by Rater A and Rater B. * indicates that the correlation
coefficient was statistically significant (p < 0.05).

was translated with the assistance of DeepL.

F Correlation between Human
Evaluation and Automatic Metric
Scores

In addition to Spearman’s rank correlation coeffi-
cient (Section 4.3), we also computed Kendall’s
rank correlation coefficient between automatic met-
ric and human evaluation scores, as shown in Ta-
ble 12. Similar to Spearman’s rank correlation coef-
ficient, BLEU exhibits substantially weaker corre-
lation with human judgments than the COMET-
based models. The mix-mono (fine-tuning)
model achieved the highest correlation with the
averaged human scores (7 = 0.1295, p < 0.05).
The mix-mono model also showed statistically sig-
nificant correlations with the scores from both
Rater A and B (7 = 0.1099, 0.1250), p < 0.05,
respectively). In contrast, the default COMET
model, wmt22-comet-da, demonstrated a signif-
icant correlation with the averaged human score
(tr = 0.1008, p < 0.05), but did not with the in-
dividual rater scores (7 = 0.0967,0.0701, p =
0.0531,0.1701 for Rater A and B, respectively).
The correlations between mix-mono (scratch)
model and human scores were not statistically
significant (r = 0.0647,0.0733,0.0687, p =
0.1959,0.1515, 0.1545, for Rater A, Rater B, and
averaged score, respectively).

We further calculated correlation coefficients
with different error weights and ranked the three
models. Consistent with Spearman’s rank corre-
lation coefficient, the mix-mono (fine-tuning)
model consistently ranked first, followed by
the wmt22-comet-da model and the mix-mono
(scratch) model.

Pearson’s correlation coefficient is also com-
monly used to assess the relationship between au-
tomatic evaluation metrics and human evaluation

scores. However, in this study, we adjusted the
original DA scores by incorporating monotonicity,
and the adjusted scores may exhibit different char-
acteristics from the original ones. Since our focus
is on the relative ranking of better or worse trans-
lations rather than precise numerical differences
in evaluation scores, we used Spearman’s rho and
Kendall’s tau instead of Pearson’s r.
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Severity

Criteria

Critical

The original meaning is significantly lost, and there is a possibility of serious misunderstanding.
There is a possibility of serious risks (e.g., health damage, economic loss, damage to social reputation) in situations
where decisions are made based on the translation.

Major  Errors where the original text’s intent, logical flow, or meaning is miscommunicated or may be misunderstood due to
omissions, additions, or mistranslations.
Even considering the constraints of simultaneous interpretation, there is a risk of conveying incorrect understanding
to the listener.

Minor  The main points and intent of the original text are conveyed, but there are inappropriate omissions, additions,
rephrasing, or shifts in meaning in parts of the translation.
While acceptable as interpretation, there is room for improvement in situations where accuracy is prioritized.

None Errors that do not significantly impact the understanding of the main idea of the original text.
Omissions or simplifications that are naturally made in simultaneous interpreting and do not hinder overall under-
standing.
A translation that is not classified as an error.

(a) Accuracy

Severity Criteria

Critical A translation containing grammatical or lexical errors that cause a breakdown in meaning, making the content
incomprehensible or likely to be misunderstood.

Major A translation that contains grammatical or lexical errors, requiring effort to understand the meaning or posing a risk
of misunderstanding.
Translation that is difficult to use as is

Minor  Does not affect understanding of meaning, but grammatical or lexical awkwardness may cause the listener to feel
uncomfortable.
Generally acceptable for interpretation.

None Even if there are unnatural parts, they are sufficiently acceptable as interpretation and do not hinder the transmission
of meaning or the listener’s understanding.
SI-specific omissions, rephrasing, and incomplete sentences are acceptable.

(b) Fluency

Severity Criteria

Critical The word order in the translation does not correspond to the original text, and it is a typical reverse translation.
It is closer to a written offline translation than simultaneous interpretation.

Major  There are multiple chunks in the translation that differ from the order in which they appear in the original text, or
there are chunks that differ significantly in order.
The timing of the translation is awkward as simultaneous interpretation (e.g., too much delay).

Minor  Itis generally a monotonic translation, but contains minor reverse translation (non-monotonic word order) in some
parts.
The positions of multiple chunks are slightly different from the original text, but the overall flow is monotonic.

None The order of information presentation in the translation is generally consistent with the chunk order of the original

text, making it a natural monotonic translation.
Even if there are minor rearrangements, they are limited to one instance between adjacent chunks.

(c) Monotonicity

Table 13: Rubrics for human evaluation
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