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Introduction

The Tenth Conference on Machine Translation (WMT 2025) took place on November 8-9, 2025, imme-
diately following the 2025 Conference on Empirical Methods in Natural Language Processing (EMNLP
2025) in Suzhou, China.

This is the tenth time WMT has been held as a conference. The first time WMT was held as a conference
was at ACL 2016 in Berlin, Germany, the second time at EMNLP 2017 in Copenhagen, Denmark, the
third time at EMNLP 2028 in Brussels, Belgium, the fourth time at ACL 2019 in Florence, Italy, the fifth
time at EMNLP-2020, which was held as an online event due to the COVID-19 pandemic, the sixth time
at EMNLP 2021 at Punta Cana, Dominican Republic, the seventh time at EMNLP 2022 in Abu Dhabi,
United Arab Emirates, the eight time at EMNLP 2023 in Singapore, and the ninth time at EMNLP 2024
in Miami, USA. Prior to being a conference, WMT was held 10 times as a workshop. WMT was held
for the first time at HLT-NAACL 2006 in New York City, USA. In the following years the Workshop on
Statistical Machine Translation was held at ACL 2007 in Prague, Czech Republic, ACL 2008, Columbus,
Ohio, USA, EACL 2009 in Athens, Greece, ACL 2010 in Uppsala, Sweden, EMNLP 2011 in Edinburgh,
Scotland, NAACL 2012 in Montreal, Canada, ACL 2013 in Sofia, Bulgaria, ACL 2014 in Baltimore,
USA, EMNLP 2015 in Lisbon, Portugal.

The focus of our conference is to bring together researchers from the area of machine translation and
invite selected research papers to be presented at the conference.

Prior to the conference, in addition to soliciting relevant papers for review and possible presentation, we
conducted 10 shared tasks. These consisted of 5 translation tasks: General Translation, Low-Resource In-
dic Language Translation, Terminology Translation, Creole Language Translation, and Model Compres-
sion, two evaluation tasks: MT Test Suites (“Help us break LLMs, Vol. 2”) and Automated Translation
Quality Evaluation Systems, two multilingual tasks: Multilingual Instruction and LLMs with Limited
Resources for Slavic Languages and finally the Open Language Data Initiative.

The results of all shared tasks were announced at the conference, and these proceedings also include
overview papers for the shared tasks, summarizing the results, as well as providing information about the
data used and any procedures that were followed in conducting or scoring the tasks. In addition, there
are short papers from each participating team that describe their underlying system in greater detail.

Like in previous years, we have received a far larger number of submissions than we could accept for
presentation. WMT 2025 has received 60 full research paper submissions (not counting withdrawn
submissions). In total, WMT 2025 featured 21 full research paper presentations and 79 shared task
presentations.

The invited talk was given by Longyue Wang from Alibaba, China.

We would like to thank the members of the Program Committee for their timely reviews. We also
would like to thank the participants of the shared task and all the other volunteers who helped with
the evaluations.

Barry Haddow, Tom Kocmi, Philipp Koehn, and Christof Monz
Co-Chairs
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planations from xTower and Large Language Models
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Murray, Raj Dabre, Andre Coy and Heather Lent

Findings of WMT 2025 Shared Task on Low-resource Indic Languages Transla-
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Iterative Layer Pruning for Efficient Translation Inference
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Abstract

The rapid advancement of large language mod-
els (LLMs) has introduced new challenges in
their evaluation, particularly for multilingual
settings. The limited evaluation data are more
pronounced in low-resource languages due to
the scarcity of professional annotators, hinder-
ing fair progress across languages. In this work,
we systematically investigate the viability of
using machine translation (MT) as a proxy for
evaluation in scenarios where human-annotated
test sets are unavailable. Leveraging a state-of-
the-art translation model, we translate datasets
from four tasks into 198 languages and em-
ploy these translations to assess the quality and
robustness of MT-based multilingual evalua-
tion under different setups. We analyze task-
specific error patterns, identifying when MT-
based evaluation is reliable and when it pro-
duces misleading results. Our translated bench-
mark reveals that current language selections in
multilingual datasets tend to overestimate LLM
performance on low-resource languages. We
conclude that although machine translation is
not yet a fully reliable method for evaluating
multilingual models, overlooking its potential
means missing a valuable opportunity to track
progress in non-English languages.

1 Introduction

Large-scale evaluation of multilingual language
models (MLMs) across hundreds of languages
has remained a persistent challenge as the exist-
ing benchmarks cover a subset, and mostly high-
resource, of languages (Singh et al., 2024, 2025).
Although human-translated (HT) evaluation sets
offer accurate and reliable evaluation of MLM:s,
creating them for hundreds of languages is costly,
time-consuming, and sometimes impossible. Con-
sequently, tracking the progress of MLMs in most
languages has lagged behind. Moreover, multi-
lingual benchmarks often cover different subsets

*Equal contribution.

1

of languages, and such inconsistent evaluation se-
tups create a fragmented picture of MLM capabili-
ties (Liang et al., 2020; Hu et al., 2020; Ruder et al.,
2021).

Recent advances in machine translation (MT)
have emerged as a promising solution to these
challenges of multilingual evaluation. Prior stud-
ies have shown that state-of-the-art MT systems
achieve human-level translation quality in certain
high-resource languages (Kocmi et al., 2023, 2024).
While MT has been used to construct evaluation
sets (Chen et al., 2024), to our knowledge, there
has been no systematic study of the viability of
MT-based evaluations across different evaluation
setups and diverse downstream tasks in nearly 200
languages. Moreover, although previous work has
shown the limitations of MT models, such as trans-
lation artifacts and stylistic shifts (Park et al., 2024;
Wang et al., 2023), there has been no comprehen-
sive analysis of the potential risks of using MT-
based datasets for MLM evaluation.

In this work, and by considering recent MT ad-
vances, we investigate the viability of using MT for
large-scale multilingual evaluation where human-
annotated data is unavailable. Using four popu-
lar multilingual tasks, we translate their test sets
into 198 languages using NLLB ("No Language
Left Behind"), which officially supports 200 lan-
guages (NLLB Team et al., 2022). We then com-
pare three MLMs’ performance, i.e., XLM-R (both
base and large versions) (Conneau et al., 2020),
BLOOMz (Muennighoff et al., 2022), and AYA-
101 (Ustiin et al., 2024b), on these MT-based test
sets against their HT equivalents, using multiple
evaluation setups (zero-shot fine-tuning and zero-
shot prompting) and both accuracy and rank cor-
relation as metrics. Beyond overall performance
comparisons, we analyze how translation quality
relates to evaluation results, detecting MT-specific
error types using an LL.M-as-a-judge framework
in the selected tasks. Finally, we assess whether

Proceedings of the Tenth Conference on Machine Translation, pages 1-30
November 8-9, 2025 ©2025 Association for Computational Linguistics



current multilingual benchmarks misrepresent the
performance of MLLMs when limited to small lan-
guage subsets. More specifically, we try to answer
the following research questions:

» To what extent does the use of machine trans-
lation affect MLM performance estimates?

* To what extent is MLM performance on MT-
based evaluations influenced by translation
quality?

* What major translation error types occur in
cases where MLMs succeed on human trans-
lations but fail on machine translations?

* To what extent do existing multilingual bench-
marks misrepresent MLM performance?

Across tasks and models, MT-based evalua-
tions yield results that are highly correlated with
HT-based evaluations (average Spearman’s 0.95),
with only small average accuracy differences (<1.5
points), Table 3 and 4. Furthermore, translation
quality shows a moderate positive correlation with
performance differences, suggesting that MT reli-
ability depends partly on the underlying MT sys-
tem’s accuracy and the sensitivity of the down-
stream task to the translation quality, Table 5. Our
error analysis reveals that lower performance on
MT data is often linked to lexical mistranslations
and subtle semantic shifts, though major meaning-
altering errors are relatively rare. We show that
LLM-as-a-judge might serve as a proxy for filtering
low-quality translation examples, thereby improv-
ing the reliability of MT-based evaluations. Finally,
we find that restricting evaluation to the language
subsets in the widely-used benchmarks underesti-
mates the performance of MLMs on high-resource
languages and overestimates their performance on
low-resource languages by up to 4 accuracy points
compared to evaluation across 198 languages.

2 Related work

Multilingual large language models (LLMs) are
rapidly expanding their language coverage, reach-
ing to hundreds of languages (Ustiin et al., 2024a;
Yang et al., 2025). Yet, benchmarks have strug-
gled to keep pace, often covering only a fraction
of these languages (e.g., Global MMLU covers 42
languages (Singh et al., 2025), whereas models
like Gemma 3 support over 140 (Gemma Team
et al., 2025)). This imbalance makes it difficult

to measure progress fairly and consistently across
languages. On the other hand, creating human-
annotated benchmarks for every language is im-
practical due to high costs and limited expertise.
In this regard, machine translation is an attractive
potential alternative to expand existing multilin-
gual datasets at scale. Although previous stud-
ies have shown MT systems may introduce chal-
lenges such as hallucinations and translationese
artifacts (Artetxe et al., 2020; Wang and Sennrich,
2020; Zhang and Toral, 2019), recent improve-
ments, especially for mid and low-resource lan-
guages, have considerably enhanced translation
quality (Ranathunga et al., 2023). Thus, leverag-
ing advanced MT systems is an efficient way to
expand the language coverage of benchmarks more
quickly. This approach opens the door to more
comprehensive and equitable evaluations, better
reflecting the multilingual capabilities of LLMs.
While Thellmann et al. (2024) also investigate
whether machine translated benchmarks can reli-
ably assess model performance across languages,
they limit the scope of their study to 20 Euro-
pean languages. Since European languages are
already overrepresented in existing NLP resources
and benchmarks (Asai et al., 2022), while many
other languages remain severely underrepresented
(Joshi et al., 2020), we instead scale our evalua-
tion to 198 languages to provide a more balanced
assessment.

3 Methods

In this paper, we evaluate multilingual LLMs on
four tasks across 198 languages. To this end, we
create MT test data using the NLLB model and as-
sess performance under two evaluation paradigms:
zero-shot testing and zero-shot prompting. In this
section we provide a comprehensive overview of
our methods used for large-scale multilingual evalu-
ation. In Section 4, we will explain which methods
were used to generate the MT test data itself.

3.1 Tasks and datasets

We massively scale the evaluation of LLMs on four
datasets.

XNLI The Cross-Lingual Natural Language In-
ference (XNLI) dataset (Conneau et al., 2018) con-
tains premise-hypothesis pairs labeled with: ‘entail-
ment’, ‘neutral’, or ‘contradiction’ in 15 languages.

The original pairs come from English and the



test sets were human translated into the other lan-
guages.

PAWS-X The Cross-Lingual Paraphrase Adver-
saries from Word Scrambling (PAWS-X) dataset
(Yang et al., 2019) requires the model to determine
whether two sentences are paraphrases of one an-
other. The parallel test data has been provided in
7 languages. To create this dataset, a subset of
the PAWS development and test sets (Zhang et al.,
2019) was professionally translated from English
to 6 other languages.

XCOPA The Cross-lingual Choice of Plausible
Alternatives (Ponti et al., 2020) evaluates common-
sense reasoning in 11 languages. The samples con-
tain a premise and question paired with two answer
choices from which the model can select. The
dataset is manually translated from English into 11
other languages.

XStorycloze The Cross-lingual Storycloze (Lin
et al., 2021) proposes a common-sense reasoning
task in 11 languages, in which the model predicts
which one of two story endings is the most likely
to follow after a given short story. The Storycloze
dataset was professionally translated from English
into 10 other languages.

3.2 Multilingual language models

For the large-scale evaluation, we focus on the
base and large version of XLM-R (Conneau et al.,
2020) pre-trained on 100 languages as it is one
of the most popular MLMs. In addition, we re-
port scores from BLOOMz 7.1b (Scao et al., 2022)
and AYA-101 13b (AYA)(Ustiin et al., 2024b).
BLOOMgz is trained on 46 languages and AYA on
101 languages. Moreover, both models are further
instruction-tuned on a mixture of prompts in dif-
ferent languages. Given that the PAWS-X dataset
was included during instruction-tuning, we evalu-
ate BLOOMz and AYA on the held out datasets
only, i.e., XNLI, XCOPA and XStorycloze. Note
that BLOOMz and AYA were selected over other
MLMs, such as Llama (Touvron et al., 2023), as
they are the largest publicly available and explic-
itly MLMs (i.e., statistics on the pretraining data
distribution across languages is publicly available).

3.3 Selection of test languages

For our selection of test languages, there are two
constraining factors: (1) the language has to be
covered by the NLLB-200 translation model and

| Unseen Low Mid High | Total

% of data 0 >0and<0.1 >0.land<l >1
XLM-R | 106 30 34 26 | 196
BLOOMz | 131 21 7 9 | 168
AYA | 103 57 25 13 ] 198

Table 1: Number of languages categorized as high, mid,
low, and unseen languages when looking at the percent-
age of seen pretraining data of the respective LMs.

FLORES-200 dataset, and (2) the script of the lan-
guage needs to have been seen during the pretrain-
ing of the model. We then separately filter out the
test languages by unseen scripts for each model.
This leaves us with 196, 168, and 198 test lan-
guages for XLM-R, BLOOMz, and AYA, respec-
tively, see Appendix J for the complete lists. Note
that the number of compatible languages is lower
for BLOOMz as it has seen fewer writing scripts
during pretraining.

Resource categorization by pretraining distribu-
tion Moreover, we categorize the test languages
for each model separately based on the percentage
of total data that they contributed during pretrain-
ing. In Table 1, we report the percentage thresh-
olds used for our categorization and the resulting
number of test languages for each category and
model. As the pretraining data coverage is reported
in numbers of GB for XLLM-R, we convert these
scores to percentages of the full pretraining data.
For BLOOMz, we use the reported language distri-
bution numbers !, and for AYA, we consider mT5
pretraining data distribution as it is utilized as the
base model for AYA.

3.4 Evaluation settings

Zero-shot testing We fine-tune XLM-R on the
entire training set for each task in English. We then
use our fine-tuned model for zero-shot testing in the
test languages. We fine-tune our model using the
HuggingFace Library, see Appendix A for details.

Zero-shot prompting BLOOMz and AYA are
instruction-tuned on multiple classification tasks,
thus we test these models out-of-the-box in a
zero-shot prompting set up. This has the ben-
efit that dataset artifacts, which are commonly
known to be leveraged during fine-tuning, cannot
be learned (McCoy et al., 2020). As BLOOMz and
AYA fail to predict a third option for XNLI (neu-
tral), we report results on a binarized version of the

1https: //huggingface.co/bigscience/bloom
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metric ‘ High Mid Low Unseen ‘ Ave. Med.
NLLB-Distil

chrF++ ‘4934 46.92 43.22
NLLB-3.3B

chrF++ | 525 508 461 403

37.12 | 4415 4507

| 445 455

Table 2: The quality of the MT system across high, mid,
and low-resource languages using chrF++ based on the
XLM-R model’s categorization.

task by aggregating sentences with the ‘neutral’ and
‘contradiction’ labels into one class and making the
model predict entailment or not. Moreover, the
instructions are given in English. see Appendix A
for the prompts per task.

Finally, note that our goal is not to compare perfor-
mance of BLOOMz and AYA to XLM-R but rather
to test the reliability of machine-translated test sets
in two popular evaluation paradigms.

Evaluation metric As the automatic evaluation
metric for testing our MT quality, we use the
chrF++ (Popovié, 2017). This metric calculates
the character and word n-gram overlap between the
machine and human reference translations. It is
a tokenization-independent metric aligning better
with human judgments for morphologically-rich
languages compared to BLEU (Tan et al., 2015;
Kocmi et al., 2021; Briakou et al., 2023). We also
employ the LLMs-as-a-judge technique to evaluate
translation quality and analyze the types of errors
that occur in translation. For the evaluation, we
use the FLORES-200 dataset (NLLB Team et al.,
2022), which includes human-translated data for
200 languages, and select 100 sentences from each
language.

4 Machine translating test data

For machine translation, we employ the NLLB
model covering 202 languages (NLLB Team et al.,
2022). Through extensive analysis, Zhu et al.
(2024) have shown that NLLB performance sur-
passes other powerful LLMs such as ChatGPT
(OpenAl, 2022) and GPT-4 (Achiam et al., 2023)
when translating out of English (En = tgt set-
ting). NLLB also demonstrates a minimal differ-
ence to the closed source system, Google translate?
on the Flores-101 dataset. To gain a better un-
derstanding of the role of the MT system on the
translated data quality and, consequently, its perfor-

2https ://translate.google.com/

mance on downstream tasks, we experiment with
two NLLB versions. We choose the distill NLLB
with 600M parameters and the 3.3B NLLB model
using greedy sampling. For each example, we
translate each sentence (e.g., SENTENCE1 and SEN-
TENCE2 in PAWS-X) separately. In Appendix B,
we provide some of the lessons learned from our
MT experiments.

In Table 2, we report the average chrF++ scores
for translations obtained with the NLLB-Distil and
NLLB-3.3B models on the dev set of FLORES-200
dataset including human translation data in 200 lan-
guages (NLLB Team et al., 2022). We categorize
languages by XLM-R resource ranking (high, mid,
low, and unseen) and observe that NLLB-3.3B con-
sistently performs better than the 600M version
across all categories. Thus, while the smaller model
has been added for analysis purposes, we use the
NLLB-3.3B for translation throughout the paper
unless stated otherwise. Moreover, we confirm that
our scores for all languages are among the best
performance of SOTA multilingual MT systems
(Bapna et al., 2022; NLLB Team et al., 2022).

5 [Evaluating the reliability of MT data

In this section, we study the opportunities and
challenges of using MT to extend multilingual
benchmarks and assess model performance across
a broader range of languages from two perspec-
tives, i.e. the performance gap when measuring on
human versus machine translated data and the qual-
ity of the MT data itself. Thus, in Section 5.1, we
first study the degree to which machine translation
alters the reliability and validity of performance
assessments for LLMs. Then, in Section 5.2, we
evaluate the quality of the machine translated data
itself through automatic metrics and LLM-based
judgments, both to analyze error patterns and to
serve as a proxy for filtering low-quality translated
data for evaluation.

5.1 Evaluation gaps between MT and HT
5.1.1 Average performance changes

The key motivation for using machine translation
in expanding multilingual benchmarks is to re-
duce costly and time-consuming human annotation.
However, this raises an important question: Does
relying on machine-translated data compromise
the validity of LLMs evaluations? If model perfor-
mance on MT data is substantially different from
that on human translated data, evaluation outcomes
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XLM-R

XCOPA 69/73 - 50/57 76/69 75173 49/59 66/58 64/68 69/66 71/66 68/70 72/73

XStoryCloze 80/80 84/84 79179 78179 88/87 71/70 84/85 75/76 76175 - - - - 87/86

XNLI 78/78 82/82 82/82 81/80 83/78 82/83 75/80 - - - 79/82 70/74 - 76/76 T1/79 T1/78 78/81 79/74

PAWS-X 90/91 91/91 91/90 81/84 81/83 - - - 83/82
BLOOMz

XCOPA - - 52/52 - - N/A  78/78 62/65 - 51/52 - 60/63 75/72 - N/A  50/50 80/77 71/67

XStoryCloze 88/88 91/91 84/78 85/84 91/90 54/52 73/73 79179 74173 70170

B-NLI T1/72 66/68 69/68 65/66 73/74 72/73 70172

69/70 70/71 N/A  68/70 68/70 72/73 T4/72

AYA

XCOPA - -
XStoryCloze 95/92 - - - 94/94
B-NLI 78179 79179 78/78 78/78 79/80

87/84 -
93/91
79180 75175

83/75 91/87

82/83 87/87 88/88

56/56 79183
93/89

74175

86/83 84/82 86/85 85/84 86/84

95/90
77177

90/82 93/88

94/86
- 79179

79179 19179 14175 76/17

Table 3: The (%) accuracy of the models on the human translated (original)/our machine translated datasets. Darker
colors indicate bigger gaps between the models’ performance on human and machine-translated data.

XLM-R

BLOOM:z AYA

‘XCOPA XNLI PAWS-X  XStoryCloze ‘ XCOPA XNLI XStoryCloze ‘ XCOPA XNLI XStoryCloze

95.3
71.5

69.3
82.4

93.3
82.6

98.0
98.8

Pearson corr.
Spearman rank corr.

85.0
89.0

97.8
95.1

98.7
97.3

98.0
81.8

95.3
92.5

90.7
71.0

Table 4: Pearson and Spearman rank correlation between the performance on MLMs on human-translated
(HT)(original data) and machine-translated (MT) data (ours). The high correlations indicate that the perfor-
mance of MLMs on both machine and human-translated data is similar.

may become unreliable or biased.

To answer this question, we compare model
performance on machine and human translated
data. We evaluate all models using the same se-
tups and report accuracy scores on machine and
human translated data in Table 3.3 Our results show
that the difference in performance on machine and
human-translated data is small (on average, about
2.6%). Moreover, this trend is consistent across
all models. In some instances, the models achieve
slightly higher performance on machine-translated
data. We hypothesize that this may be due to the
translationese effect. Conversely, in other cases,
we observe a drop in performance, which might be
caused by low-quality translations. We investigate
this issue in Section 5.2, where we explore methods
such as LLLM-based filtering to detect and reduce
the impact of poor quality MT outputs.

5.1.2 Ranking consistency

Building on the finding that accuracy scores be-
tween machine-translated and human-translated
data are closely aligned, we further assess the reli-
ability of MT-based evaluation by examining the
consistency of model rankings, i.e. whether the rel-
ative performance of a model across different lan-
guages remains stable. Specifically, we want to see
if the accuracy differences observed earlier affect
which languages a model performs better or worse

3Results of XLM-R base are reported in the appendix.

on. To measure this, we compute the average Pear-
son and Spearman rank correlations between model
performances on human and machine-translated
datasets (see Table 4).

The high correlation across all tasks shows that
the rank order of the models’ performance across
different languages using human and machine-
translated data is almost the same. This demon-
strates that machine translated data could reliably
be used to assess the relative differences in model
performance across languages.

5.2 The impact of MT quality

Moreover, we analyze whether the quality of ma-
chine translation, as measured by chrF++, cor-
relates with LLM performance. In other words,
what matters in this experiment is the consistency
of the correlations between human- vs. machine-
translated data. Table 5 summarizes the numerical
results. The results show no significant correla-
tion in either case. That is, higher MT quality (as
indicated by better chrF++ scores) does not system-
atically correspond to higher model performance.
The pattern suggests that small variations in MT
quality, as captured by the automatic metric, do not
strongly influence LLM accuracy. This further sup-
ports the robustness of using MT for multilingual
evaluation, although it also highlights that chrF++
may not fully capture the aspects of translation
quality that affect downstream performance.
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BLOOMz AYA

| XCOPA  XNLI

PAWS-X  XStoryCloze | XCOPA XNLI XStoryCloze | XCOPA XNLI  XStoryCloze

Pearson Corr.

chrF++ vs. HT 274 10.5 89.3 3.3 -10.4 -10.4 64.5 41.0 8.2 -18.5

chrF++ vs. MT 30.3 66.2 96.5 8.8 14.5 2.9 66.7 52.1 16.3 11.3
Spearman rank Corr.

chrF++ vs. HT 29.6 244 65.7 16.4 5.7 5.7 68.1 22.7 8.1 -34.6

chrF++ vs. MT 22.6 48.1 82.7 224 18.3 14.7 75.8 55.5 26.1 224

Table 5: Average Pearson and Spearman rank correlation between chrf++ scores and human translated (HT) (original

data) and machine-translated data (MT) (ours).

Source (en) Translation (es) Error type (span) Severity

So I'm not really sure why.  Asi que no estoy muy seguro de  Accuracy/omission ("as  Major

I am certain as to the reason  por qué. Estoy seguro de la to")

why. razoén. Fluency/redundancy Minor
("de por qué")

I’'m covering the same stuff. Estoy cubriendo las mismas Accuracy/mistranslation  Major

I’m talking about the same  cosas. Estoy hablando de las ("que ellos hicieron")

things they did. mismas cosas que ellos Fluency/grammar ("Es- Minor

hicieron.

toy cubriendo")

Table 6: Examples of the MQM framework output for detected errors in translated XNLI test examples.

5.2.1 LLM-as-a-Judge Evaluation

In the earlier experiments, we observed that for
certain tasks and languages, model performance on
MT data was lower than on HT data. We hypothe-
size that these drops are often linked to lower trans-
lation quality. Automatic metrics such as chrF++,
while useful, may be overly sensitive to minor devi-
ations that are not critical for the downstream task,
resulting in misleadingly low scores.

To better assess translation quality, we employ
an LL.M-as-a-judge approach. Specifically, we use
it to (1) identify and categorize translation errors
in examples where the model makes correct predic-
tions on human translations but fails on machine-
translated versions, and (2) evaluate its potential as
a filtering mechanism to remove low-quality trans-
lations from translated evaluation sets.

To this end, we adopt the Multidimensional Qual-
ity Metrics (MQM) framework from Freitag et al.
(2021). We prompt the LLM evaluator to follow
the evaluation guidelines for the translation task
to detect and classify translation errors into major
and minor categories. The LLM-based evaluation
provides the error span, error type, and error clas-
sification. Major errors (true errors) are generally
easier to detect, whereas minor errors often stem
from minor imperfections in translations, see Ta-
ble 6 for an example.* As our LLM-as-a-judge,

4See Table 2 in Freitag et al. (2021) for an overview of the

we use the Gemma 3 27B model (Gemma Team
et al., 2025), covering over 140 languages, in an
in-context learning setup to evaluate translation
quality.’

In Table 7, we report the average number of
major errors for all predictions (Ave. #Err.) and
for the subset where predictions switch from cor-
rect on HT to wrong on MT (C—W). While the
average error rates for these two categories are
close, C—W shows slightly higher values across
most languages, suggesting that these degraded
translations can be systematically flagged. More-
over, consistently across all tasks and languages,
the most frequent translation error type is accuracy,
including a mistranslation error or omission from
the source sentence. Using this observation, we
filter out examples with more than 2 major errors,
and evaluate the performance of the AYA model
on the higher-quality examples. In Table 8, we
present the percentage of gap reduction between
the models’ performance on HT and MT. Based
on the results, in most cases, after removing low-
quality MT data, the performance gap between MT
and HT data is reduced up to 100%. Our results
indicate that integrating LLM-based quality checks
into MT-based evaluation pipelines can help reduce
evaluation noise and improve the reliability of us-

error categorizations.
SPlease refer to the appendix for the experimental setups.



ar bg de el es et eu fr hi ht id

it jakomy qu ru sw ta te th tr ur vi zh

XCOPA

Ave. #Err. - - - - - 098 - - - 150082067 - - - 230 - 119129 - 121081 - 0.871.13
C—>W - - - - - 1100 - - - 157104057 - - - 252 - 139111 - 141090 - 091 1.37
XStoryCloze
Ave. #Err. 1.84 - - - 103 - 219 - 138 - 118 - - - 169 - 122157 - 204 - - - - 177
C—>W 1.92 - - - 115 - 217 - 142 - 117 - - - 173 - 123183 - 204 - - - - 195
B-NLI
Ave. #Err. 1.43 1.12 0.98 1.01 0.96 - - 099142 - - - - - - - 115 1.66 - - 1.46 1.31 1.62 1.26 1.53
C—-W 1.531.231.081.06098 - - 107152 - - - - - - - 127172 - - 1.601.39 1.64 1.35 1.67

Table 7: Average number of major errors across languages on AYA model. The first row reports the number
of machine translation errors of all predictions on MT data; the second row reports the number of errors when

predictions switch from correct on HT to wrong on MT.

ar bg de el es et eu fr hi ht id

it jako my qu ru sw ta te th tr ur vi zh

XCOPA - - - - - 00 - - - 00 00 - - - 00 - (250333 - 0000 - 0050
XStoryCloze - - - 00 - [F0125 - [500 - 57500 - - - 125 - 56250125 - 600 - - - - 400
B-NLI 00 00 0000 - - 0000 - - - - - - - 00 00 - - 0000 0000 0.0

Table 8: The percentage of gap reduction between HT and MT after filtering out low quality MT examples.

ing MT.
6 Large-scale evaluation results

Having confirmed in Section 5 that our translated
test sets are of a reliable quality, we now move
on to analyze how the MLMs perform on them.
In Figure 1, we summarize the performance of
XLM-R, BLOOMz, and AYA in 196, 168, and 198
languages, categorized by their data scarcity dur-
ing the pre-training of each model as explained in
Section 3.3. We find that the average performance
for all models is similar for high- and mid-resource
languages. Yet, while still above the random base-
line, there is a notable drop in performance for
low-resource and unseen languages. Moreover, we
find that standard deviations across low-resource
languages are larger than high- and mid-resource
ones. This shows that performance across low-
resource languages varies a lot, making the average
score less reliable. Still, performance in unseen lan-
guages is relatively high; for XNLI and PAWS-X,
on average, we obtain +18% and +29% above ran-
dom performance, suggesting cross-lingual knowl-
edge transfer to the unseen languages.

6.1 Representativeness of benchmark
language sets

As each dataset contains a distinct selection of lan-
guages for testing, we study to what extent each of
them provides a reliable estimate for how MLMs
performance will generalize to more languages.

| High Mid Low | Ave
XLM-R
PAWS-X | 89.5/89.6 - /873 - /85.6 | 89.5/85.3
XNLI | 82.2/81.5 79.5/782 74.4/71.9 | 80.5/72.4
XCOPA | 71.6/71.8 69.6/68.2 66.4/61.7 | 70.3/69.2
XStoryCloze | 85.5/83.1 77.2/78.6 74.1/69.9 | 78.9/77.2
BLOOMz
B-NLI | 72.8/73.0 70.8/702 70.9/68.3 | 72.2/69.8
XCOPA | 76.9/79.0 71.6/67.5 63.0/543 | 73.7/62.3
XStoryCloze | 86.2/87.9 81.1/72.0 79.4/64.5 | 82.8/71.6
AYA
B-NLI | 78.4/77.8 71.7/71.6  73.5/75.5 | 77.4/76.4
XCOPA | 83.65/86.3 84.8/84.6  82.8/79.8 | 83.7/82.0
XStoryCloze | 85.8/89.7  91.0/89.6  85.5/86.4 | 87.0/87.7

Table 9: The average performance of high, mid, and low-
resource languages covered by the original dataset/the
languages covered by our machine-translated datasets.
All results are computed on the machine-translated data.

While we do not cover all the world’s languages,
we compare the averages between the languages
covered by the original datasets and those covered
by our much larger translated datasets that contain
198 languages.

To this end, we split the languages from the orig-
inal datasets based on our resource categorization
reported in Table 1, and report the average perfor-
mance for each category in Table 9. Importantly,
all performance scores are computed on the trans-
lated data. From the results, we observe that for
high and, to some extent, mid-resource languages,
average performance on both language selections
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Figure 1: Average performance across test languages in a zero-shot fine-tuning setup for XLM-R and in a zero-shot
prompting using BLOOMz. Results are categorized per task and data coverage during pretraining as reported in
Table 1. Results across models are not directly comparable as their language categorizations differ.

is similar, making the language coverage from the
original datasets sufficiently representative. Yet,
for low-resource languages, we find a notable dif-
ference, which suggests that the datasets’ language
coverage is not representative of a wider range of
low-resource languages. Specifically, across all
tasks, we tend to overestimate performance, which
can go up to 4.7% and 8.7% accuracy points (for
XCOPA).

7 Conclusions

In this paper, we investigate the use of machine
translation to create large-scale multilingual eval-
uation sets in scenarios where human-translated
data is unavailable. Our experiments show that us-
ing SOTA MT models for evaluation yields results
closely aligned with HT ones, with small average
accuracy differences and high rank correlations,
indicating stable relative performance across lan-
guages. Translation quality, measured by chrF++,
does not strongly predict downstream performance
differences, suggesting that minor variations in
automatic scores are not critical for many tasks.

However, LLM-as-a-judge analysis reveals that ex-
amples where models succeed on HT but fail on
MT often contain more major errors, as such this
method could be used to filter low-quality trans-
lations to reduce evaluation noise. Scaling eval-
uations to nearly 200 languages further reveals
representativeness gaps in existing benchmarks.
For high- and mid-resource languages, original
language selections approximate broader trends
well, but for low-resource languages, they overesti-
mate performance—by up to 8.7 accuracy points
in some cases. This demonstrates that M'T-based
evaluation can both expand coverage and uncover
biases in benchmark design. Overall, our findings
indicate that MT, when coupled with targeted qual-
ity control, enables broader, more representative,
and more equitable multilingual evaluation, while
highlighting the need to reassess how language se-
lections in current benchmarks reflect true model
capabilities.
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A Experimental setups

For the implementation of all models, we rely
on the HuggingFace Library (Wolf et al., 2019).
XLM-R large, BLOOMz, and AYA-101 (AYA)
have 330M, 7.1B, and 13B parameters, respec-
tively. Moreover, we have run all the BLOOMz
and AYA experiments on an NVIDIA A100-SXM4
GPU with 40GB memory, and a single NVIDIA
A6000 has been used for the MT and XLM-R ex-
periments with 48GB memory.

XLM-R fine-tuning details For the NLI task,
we have fine-tuned XLM-R with a learning rate
of 2e-5, AdamW optimizer, and a batch size of
32 for 3 epochs. For the PAWS-X task, we have
considered a learning rate of 2e-6, batch size 16
with a warm-up ratio of 0.01 for 3 epochs. For
XCOPA and XStoryCloze tasks, first, we train the
model on the training set of Social IQa (Sap et al.,
2019) and then fine-tune it on the training set of
XCOPA dataset (Gordon et al., 2012). We have
selected a learning rate of 3e-6, batch size of 16
for SIQa and 8 for XCOPA, a warm-up ratio of
0.1, and fine-tune the model for 3 epochs on each
dataset.

BLOOMz and AYA zero-shot prompts For
zero-shot prompting, we constructed the follow-
ing prompts for XNLI, XCOPA and XStorycloze
respectively:

Premise: <premise>

Hypothesis: <hypothesis>

Does the premise entail the hypothesis?
Pick between yes or no.

Premise: <premise>
Option A: <choicel>
Option B: <choice2>

Based on the premise, which
<cause/effect> is more likely?
Pick between options A and B.

Answer:
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Consider the following story:

<story>

Which ending to the story is most likely?
Pick between options A and B:

A: <story_endingl1>

B: <story_ending2>

Answer:

B Lessons learned for Machine

Translation

We now also share a few practical lessons learned
from our MT experiments using NLLB to facilitate
the translation of new datasets in future work:

* NLLB tends to skip sentences when translat-
ing paragraphs. Thus, it is important to trans-
late the sentences one by one.

NLLB has difficulty translating short
phrases/names such as names, dates, loca-
tions, etc., because it tends to hallucinate
additional content. This makes it challenging
to translate the answers from QA datasets
such as XQuAD.

NLLB inconsistently chooses to code-switch
to the target language. For instance, when
translating the sentence ‘Sara is asleep’, it can
choose to translate it either to ‘Sara ? farsi’
or ‘fully farsi’. This can be particularly chal-
lenging for retrieval datasets where the answer
does not tend to fully match the context.

While translation quality tends to be similar
for different NLLB model sizes, at least the
3.3B version should be used when translating
to languages that were low-resource, consid-
ering NLLB’s pretraining data.

C Correlation between Chrf++ scores and

translations

See Table 10 and Table 11 for Spearman and Pear-
son correlation results between Chrf++ scores and
performance on human and machine translated data.

D LLM-as-a-judge

Following previous work, we use 3-shot prompting
for this experiment provided in Table 12.
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XLM-R BLOOMz AYA
‘XCOPA XNLI PAWS-X XStoryCloze ‘ XCOPA XNLI XStoryCloze ‘ XCOPA XNLI XStoryCloze

chrF++ vs. Human translated 29.6 244 65.7 16.4 5.7 5.7 68.1 22.7 8.1 -34.6
chrF++ vs. Machine translated 22.6 48.1 82.7 224 18.3 14.7 75.8 55.5 26.1 224

Table 10: Average Spearman rank correlation between chrf++ scores and human- (original data) and machine-
translated data (ours).

XLM-R BLOOMz AYA

| XCOPA XNLI PAWS-X XStoryCloze | XCOPA XNLI XStoryCloze | XCOPA XNLI  XStoryCloze
chrF++ vs. Human translated 27.4 10.5 89.3 33 -10.4 -10.4 64.5 41.0 8.2 -18.5
chrF++ vs. Machine translated 30.3 66.2 96.5 8.8 14.5 29 66.7 52.1 16.3 11.3

Table 11: Average Pearson correlation between chrf++ scores and human- (original data) and machine-translated
data (ours).

In-context-learning prompt:

Based on the given source, identify the major and minor errors in this translation. Note that Major
errors refer to actual translation or grammatical errors, and Minor errors refer to smaller imperfections,
and purely subjective opinions about the translation.

Source: 1 do apologise about this, we must gain permission from the account holder to discuss an
order with another person, I apologise if this was done previously, however, I would not be able to
discuss this with yourself without the account holder’s permission.

Translation: Ich entschuldige mich dafiir, wir miissen die Erlaubnis einholen, um eine Bestellung mit
einer anderen Person zu besprechen. Ich entschuldige mich, falls dies zuvor geschehen wire, aber
ohne die Erlaubnis des Kontoinhabers wére ich nicht in der Lage, dies mit dir involvement.

Errors:

Major: accuracy/mistranslation — involvement; accuracy/omission — the account holder

Minor: fluency/grammar — wéare; fluency/register — dir

Source: Talks have resumed in Vienna to try to revive the nuclear pact, with both sides trying to gauge
the prospects of success after the latest exchanges in the stop-start negotiations.

Translation: Ve Vidni se ve Vidni obnovily rozhovory o oziveni jaderného paktu, pficemzZe ob¢ partaje
se snazi posoudit vyhlidky na tdspéch po poslednich vyménach v jednanich.

Errors:

Major: accuracy/addition — ve Vidni; accuracy/omission — the stop-start

Minor: terminology/inappropriate for context — partaje

Source: KAV & AT R EEZIE N EREEHRERZ KA, BiE, B RS R
B PEE, HEBEATF, R

Translation: Urumqi Home Furnishing Store Channel provides you with the latest business information
such as the address, telephone number, business hours, etc., of high-speed rail, and find a decoration
company, and go to the reviews.

Errors:

Major: accuracy/addition — of high-speed rail; accuracy/mistranslation — go to the reviews
Minor: style/awkward — etc.

Source: {source}
Translation: {translation}
Errors:

Table 12: The prompt used for the llm-as-a-judge experiment.
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Figure 2: The accuracy score of XLM-R model on PAWS-X task across 196 languages.
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kmb Latn
kmr_Latn

| kor Hang__|

ron_Latn
run_Latn
rus Cyrl
sag Latn
san_Deva
scn_Latn
shn_Mymr
sin_Sinh
slk_Latn

38.28

38.08

37.07

tha Thai
tir_Ethi
tpi_Latn
tsn_Latn
tso Latn
tuk Latn
tum_Latn
tur_Latn
twi_Latn
uig Arab
ukr_Cyrl
umb_Latn
urd_Arab
uzn Latn
vec Latn
vie Latn
war_Latn
wol_Latn
xho Latn
dd_Hebr
or_Latn
ue_Hant
zho_Hans
zho Hant
zsm Latn
zul Latn

performance

38.38

39.42

37.09

38.88

Figure 3: The accuracy score of XLM-R model on XNLI task across 196 languages.
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Language Performance Language performance Language performance Language performance

ace Arab 49.44 fao Latn li Latn
ace Latn fif Latn lim Latn smo_Latn

acm_Arab fin_Latn lin_Latn 49.77 sna_Latn
acq_Arab fon Latn 50.76 lit_Latn snd_Arab

aeb Arab fra Latn Imo_Latn som Latn
Itg Latn
ltz_Latn
lua_Latn
lug_Latn

slv_Latn

afr_Latn fur_Latn sot_Latn

spa_Latn
srd_Latn
srp_Cyrl

ajp_Arab fuv_Latn
aka_Latn gaz_Latn
als Latn gla_Latn
amh_Ethi gle Latn
apc_Arab glg Latn

luo Latn ssw_Latn

lus Latn sun_Latn
swe_Latn
swh Latn

szl Latn

lvs Latn
mag_Deva
mai_Deva

arb_Arab grn_Latn
ars_Arab guj Gujr
ary Arab hat Latn
tam Taml

arz_Arab hau Latn mal_Mlym

tag Latn
tat_Cyrl
tel_Telu
tgk_Cyrl
tgl Latn
azj Latn hye Armn mos_Latn tha Thai
bak Cyrl ibo_Latn
bam_Latn ilo_Latn
ban_Latn ind_Latn
bel Cyrl isl_Latn
bem Latn ita_Latn

asm Beng heb Hebr mar_Deva
min_Latn
mkd Cyrl

mit_Latn

ast_Latn hin_Deva
awa_Deva hne Deva
ayr_Latn hrv_Latn

azb Arab hun Latn mni_Beng

tpi_Latn
tsn_Latn

mya_Mymr
nid_Latn

tso Latn
tuk Latn
tum_Latn
tur_Latn
twi_Latn
uig Arab
ukr_Cyrl
umb_Latn
urd_Arab
uzn Latn

nno Latn
nob_Latn
ben Beng jav_Latn npi_Deva
bho_Deva jpn_Jpan nso_Latn

bjn_Arab kab_Latn 48.97 nus_Latn

bjn Latn kac Latn nya Latn

r_Etl

bos Latn kam_Latn oci_Latn

bug Latn kan_Knda pag Latn
bul_Cyrl kas_Arab

cat Latn kas Deva

pan_Guru
pap Latn
pbt Arab
pes Arab
plt_Latn
pol_Latn
por_Latn

ceb Latn kat Geor vec Latn

ces Latn kaz Cyrl vie Latn

cjk_Latn kbp Latn
ckb_Arab kea_Latn
crh Latn khk Cyrl xho Latn
cym Latn khm_Khmr prs_Arab dd_Hebr
dan_Latn ik Latn quy Latn or_Latn
deu Latn Latn ron_Latn ue_Hant
dik_Latn run_Latn zho_Hans
dyu Latn mm rus_Cyrl zho Hant
ell_Grek sag Latn
eng Latn san_Deva
epo_Latn scn_Latn
est Latn shn_Mymr
eus Latn m sin_Sinh
ewe Latn slk_Latn

war_Latn

wol_Latn 50.23

mri_Latn

!
©

zsm Latn
zul Latn

Figure 4: The accuracy score of XLM-R model on XStoryCloze task across 196 languages.
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Language Performance Language performance Language performance Language performance

ace Arab 50.0 fao Latn li Latn slv_Latn
ace Latn fif Latn
acm_Arab fin_Latn

acq_Arab fon Latn

smo_Latn
sna_Latn
snd_Arab
som Latn

lim Latn
lin_Latn
lit_Latn
Imo_Latn
Itg Latn
ltz_Latn
lua_Latn
lug_Latn

aeb Arab fra Latn

afr_Latn fur_Latn sot_Latn

spa_Latn
srd_Latn
srp_Cyrl

ajp_Arab fuv_Latn
aka_Latn gaz_Latn
als Latn gla_Latn
amh_Ethi gle Latn
apc_Arab glg Latn

luo Latn ssw_Latn

lus Latn sun_Latn
swe_Latn
swh Latn

szl Latn

lvs Latn
mag_Deva
mai_Deva

arb_Arab grn_Latn
ars_Arab guj Gujr
ary Arab hat Latn
arz_Arab hau Latn mal_Mlym tam Taml
tag Latn
tat_Cyrl
tel_Telu
tgk_Cyrl
tgl Latn
azj Latn hye Armn mos_Latn tha Thai
bak Cyrl ibo_Latn
bam_Latn ilo_Latn
ban_Latn ind_Latn
bel Cyrl isl_Latn
bem Latn ita_Latn

asm Beng heb Hebr mar_Deva

IS
0
~

min_Latn
mkd Cyrl
mit_Latn

ast_Latn hin_Deva
awa_Deva hne Deva
ayr_Latn b hrv_Latn

azb Arab hun Latn mni_Beng

tpi_Latn
tsn_Latn

mya_Mymr
nid_Latn
tso Latn
tuk Latn
tum_Latn
tur_Latn
twi_Latn
uig Arab
ukr_Cyrl
umb_Latn
urd_Arab
uzn Latn

nno Latn
nob_Latn
npi_Deva
nso_Latn
nus_Latn

ben Beng jav_Latn
bho_Deva jpn_Jpan
bjn_Arab ! kab_Latn
bjn Latn kac Latn

nya Latn

bos Latn kam_Latn oci_Latn

bug Latn kan_Knda pag Latn
bul_Cyrl kas_Arab

cat Latn kas Deva

pan_Guru
pap Latn
pbt Arab
pes Arab
plt_Latn
pol_Latn
por_Latn

ceb Latn kat Geor vec Latn

ces Latn kaz Cyrl vie Latn
cik_Latn kbp_Latn
ckb_Arab P kea_Latn
crh Latn khk Cyrl
cym Latn khm_Khmr
dan Latn kik Latn
deu Latn kin_Latn
dik_Latn kir_Cyrl
dyu Latn kmb Latn

war_Latn
wol_Latn
xho Latn
dd_Hebr
or_Latn

prs_Arab

quy Latn
ue_Hant
zho_Hans
zho Hant

ron_Latn
run_Latn
rus Cyrl

3
—
2
S

ell Grek kmr_Latn sag Latn zsm Latn

eng Latn knc_Arab san_Deva zul Latn

scn_Latn
shn_Mymr

sin_Sinh

slk_Latn

epo_Latn knc_Latn
est_Latn kon_Latn
eus Latn

ewe Latn lao_Laoo

Figure 5: The accuracy score of XLM-R model on XCOPA task across 196 languages.
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F Full results BLOOMz

Language Performance Language performance Language performance Language performance
mar_Deva 71.68 tum_Latn 66.49

n 66.71

acm_Arab gaz_Latn 66.39 mit_Latn
acg Arab 68.82 gla_Latn

aeb Arab gle Latn 66.51

afr_Latn glg Latn 71.28 mri_Latn

67.09 tur_Latn

umb_Latn
urd_Arab

_uzn Latn

mni_Beng

mos_Latn

69.76

ajp_Arab grn_Latn nid_Latn
aka_Latn guj Gujr 70.44 nno_Latn vec Latn 66.59

als Latn hat Latn nob Latn vie Latn 73.01
apc_Arab 67.66 hau_Latn npi_Deva 70.86 war_Latn

arb_Arab 724 hin_Deva nso_Latn 68.76 wol_Latn

ars_Arab 69.16 hne Deva nus_Latn xho_Latn 66.83
ary Arab 68.34 hrv_Latn 66.85 nya_Latn yor_Latn 68.04
arz_Arab 68.82 hun Latn 67.15 oci_Latn ue Hant

asm_Beng 68.16 ibo_Latn pag Latn zho Hans 72.18
ast_Latn ilo_Latn zho Hant 68.14
awa_Deva ind_Latn pbt_Arab zsm_Latn 71.76
ayr_Latn isl_Latn pes_Arab zul_Latn 67.01
azb Arab ita_Latn plt_Latn

azj Latn

bam_Latn

ban_Latn

bem Latn 67.09 kam Latn

ben Beng 70.46 kan Knda

bho Deva 68.62 kas Arab run_Latn 67.6

bjn_Arab sag_Latn

bin_Latn 67.82 Kbp_Latn

bos Latn 67.37 kea Latn

kik Latn
kin_Latn
kmb_Latn
kmr_Latn
knc_Arab
knc_Latn

slk_Latn 66.69
slv_Latn 67.19
smo_Latn

sna_Latn
snd_Arab
som_Latn

bug Latn
cat_Latn
ceb Latn
ces Latn
cik Latn
ckb Arab
crh_Latn

68.02

66.91

kon Latn sot_Latn

spa_Latn
srd_Latn
ssw_Latn

cym Latn lij Latn
dan_Latn lim_Latn
deu Latn lin Latn
dik_Latn lit_Latn
dyu Latn Imo_Latn

eng Latn 72.63 Itg Latn

68.62

sun Latn

swe_Latn

70.94

swh_Latn

epo_Latn ltz_Latn szl _Latn
est Latn lua Latn tam_Taml
eus Latn 68.86 lug Latn tag Latn
ewe Latn 66.53 luo_Latn tel Telu

fao_Latn lus_Latn tgl_Latn
fif Latn Ivs_Latn tpi_Latn 66.89
fin_Latn mag Deva tsn_Latn 67.78
fon Latn 66.57 mai_Deva 67.58 tso_Latn 67.27
fra_Latn 73.13 mal_Mlym 71.36 tuk_Latn

Figure 6: The accuracy score of BLOOMz model on B-NLI task across 168 languages.

1

el



Language Performance Language performance Language performance Language performance

ace Arab fur_Latn 67.57 mar_Deva 732 tum Latn 64.06

ace Latn 60.29 fuv_Latn min_Latn 64.46 tur_Latn

acm_Arab 81.07 gaz_Latn mit_Latn
acq_Arab 85.31 gla_Latn mni_Beng

aeb_Arab 65.25 gle Latn mos_Latn

afr_Latn 58.97 glg Latn 86.83 mri_Latn 69.49

ajp Arab grn_Latn nid_Latn 64.06 uzn_Latn
aka_Latn guj Gujr 79.75 nno_Latn 60.62 vec_Latn 75.65
als Latn hat Latn 60.49 nob_Latn 61.48 vie_Latn 89.81

apc_Arab 80.54 hau Latn npi_Deva 70.75 war_Latn

arb_Arab 88.02 hin_Deva nso_Latn 65.65 wol Latn

ars_Arab 86.1 hne Deva nus_Latn xho_Latn 65.65

ary Arab 73.86 hrv_Latn nya Latn 68.3 yor_Latn 7154
arz_Arab 84.05 hun_Latn oci_Latn 82.26 ue_Hant

asm Beng 79.00 ibo_Latn

ast_Latn ilo_Latn pap Latn 64.33
awa_Deva 89.54 pbt_Arab zsm_Latn 88.48

ayrlan | 685 | isitam | 2ul Latn 66.51
azb_Arab ita_Latn 82.73 plt_Latn
azj Latn av_Latn 64.39 ol Latn
bam_Latn 56.92 kab Latn por_Latn
ban_Latn 57.58 kac_Latn prs_Arab
bem_Latn kam_Latn quy_Latn

ben_Beng fon_Latn
bho Deva run_Latn
bjn_Arab sag Latn
bjn_Latn 72.14 kbp Latn san_Deva
bos_Latn 57.38 kea_ Latn scn_Latn
bug Latn kik_Latn 57.45 slk_Latn
cat _Latn kin_Latn slv_Latn
ceb Latn smo_Latn

ces_Latn sna_Latn
cik_Latn snd_Arab

ckb Arab som_Latn

crh_Latn

66.71

sot_Latn 65.19
cym Latn lij Latn 64.39 spa_Latn 91.0
dan_Latn lim_Latn 60.23 srd_Latn 63.4
deu_Latn lin_Latn ssw_Latn 59.43

dik Latn sun_Latn 63.4
7055 swe Latn
szl Latn

Itg Latn swh Latn
Itz_Latn

eus Latn
ewe Latn
fao Lain

i
fin_Latn
fon Latn tso_Latn

fra_Latn mal_Mlym tuk Latn

eng Latn

Figure 7: The accuracy score of BLOOMz model on XStoryCloze task across 168 languages.
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Language Performance

__66.71

Language

Latn
Latn

Latn
Latn

66.51

performance

Language performance Language

performance

mar_Deva 71.68 tum_Latn
min_Latn 67.09 tur_Latn

66.49

mit_Latn 66.73

uig_Arab

mos _Latn umb Latn

Latn

Latn

ace Arab fur
ace Latn fuv
acm_Arab 68.54 gaz_Latn
acq_Arab 68.82 gla
aeb Arab gle
afr_Latn glg
ajp_Arab arn
aka_Latn gyj

Gujr

71.28

70.44

mri_Latn urd Arab
nid_Latn uzn_Latn
nno_Latn vec Latn

69.76

66.59

als Latn hat Latn nob_Latn vie_Latn 73.01
apc_Arab 67.66 hau Latn npi_Deva 70.86 war_Latn

arb_Arab 724 hin_Deva 719 nso_Latn 68.76 wol Latn

ars_Arab 69.16 hne Deva nus_Latn xho_Latn

ary Arab 68.34 hrv_Latn 66.85 nya Latn yor_Latn 68.04
arz_Arab 68.82 hun_Latn 67.15 oci_Latn ue_Hant 70.38
asm_Beng 68.16 ibo_Latn 68.32 pag Latn zho Hans 72.18
ast Latn 67.84 ilo_Latn pap_Latn zho Hant 68.14
awa_Deva ind_Latn zsm_Latn 71.76
ayr_Latn zul_Latn 67.01
azb_Arab

azi Latn

bam_Latn

ban Latn

bem_Latn 67.09 kam_Latn

ben_Beng 70.46 kan_Knda

bho Deva 68.62 kas Arab run Latn 67.6

bjn_Arab sag Latn

bjn_Latn 67.82 kbp Latn

bos_Latn 67.37 kea_ Latn

bug_Latn slk_Latn 66.69

cat _Latn slv_Latn 67.19

ceb Latn

ces Latn

ik Lain

ckb Arab

crh_Latn sot_Latn

cym Latn spa_Latn

dan_Latn lim_Latn

deu_Latn lin_Latn

dik_Latn

dyu Latn

eng Lan

epo Latn

est_Latn lua_Latn tam_Taml

eus Latn 68.86 lug Latn taq Latn

ewe Latn 66.53 luo Latn

fao_Latn 67.01 lus_Latn

fij_Latn Latn tpi_Latn 66.89

fin_Latn Deva tsn_Latn 67.78

fon Latn 66.57 mai_Deva 67.58 tso_Latn 67.27

fra_Latn 73.13 mal_Mlym 71.36 tuan__

Figure 8: The accuracy score of BLOOMz model on XCOPA task across 168 languages.
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G Full Results for AYA

Language Performance Language performance Language performance

Language performance

slv_Latn
smo_Latn
sna_Latn
snd_Arab
som_Latn

lij Latn
lim_Latn
lin_Latn
lit Latn
Imo_Latn
Itg Latn
ltz_Latn
lua_Latn

fao_Latn
fii Latn
fin_Latn

ace_Arab
ace Latn
acm_Arab

acg Arab fon Latn
aeb Arab
afr_Latn
ajp_Arab

aka Latn

fra_Latn

sot_Latn
spa_Latn
srd_Latn

fur_Latn
fuv_Latn
gaz_Latn

als Latn gla_Latn lug Latn stp Cyrl

92.0

93.0

amh_Ethi gle Latn luo_Latn ssw_Latn
apc_Arab glg Latn lus_Latn sun_Latn
arb_Arab grn_Latn swe_Latn
ars_Arab : quj_Gu
ary Arab hat Latn
arz_Arab hau_Latn mal_Mlym tam_Taml
asm_Beng heb Hebr mar_Deva 90. tag_Latn

ast_Latn hin_Deva min_Latn

tat_Cyrl

awa Deva hne Deva mkd_Cy
ayr Latn hrv_Latn mit Latn tgk Cyrl
azb Arab hun_Latn mni_Beng tgl Latn

azj_Latn hye Armn mos_Latn
bak_Cyr ibo_Latn tir_Ethi

nid Latn 92.0
nno_Latn 91.0 tso_Latn

tuk_Latn

bam Latn ilo Latn

ban Latn ind Latn
bel Cyrl
bem Latn
ben_Beng
bho Deva
bjn Arab
bjn Latn
bos_Latn
bug Latn
bul Cyrl
cat Latn

is|_Latn

ita_Latn
jav_Latn
jpn_Jpan
kab Latn
kac Latn

nob_Latn

900 | nsolam |
urd_Arab
uzn Latn

kam_Latn
kan_Knda
kas Arab
kas Deva

91.0
92.0

90.0

ceb Latn kat Geor pbt_Arab vec Latn

89.0

vie Latn
plt_Latn
pol Latn 93.0

por_Latn 93.0 xho Latn
prs_Arab dd_Hebr
900 | wnian |

kaz_Cyrl
kbp_Latn
kea Latn
khk Cyrl
khm_Khmr
dan_Latn kik_Latn
deu_Latn d kin_Latn
dik Latn kir Cyrl
dyu Latn kmb_Latn

ces Latn
cik_Latn
ckb Arab
crh Latn

cym Latn

ell_Grek 93.0 kmr_Latn
eng_Latn 92.0 knc_Arab
epo_Latn 93.0 knc_Latn
est Latn kon Latn

sin_Sinh

eus Latn kor Hang

ewe Latn lao_Laoo slk_Latn

Figure 9: The accuracy score of AYA on XStoryCloze task across 198 languages.
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Language Performance Language performance Language performance Language performance

ace Arab fao Latn li Latn slv_Latn 86.2

ace Latn fij_Latn lim_Latn m
acm_Arab fin_Latn m lin_Latn
acq_Arab fon_Latn lit_Latn m
aeb Arab fra_Latn ¥ Imo_Latn
afr_Latn ¥ fur_Latn Itg Latn
ajp_Arab fuv_Latn Itz_Latn 88.4
aka_Latn gaz_Latn lua_Latn
als_Latn . gla_Latn lug_Latn
amh_Ethi gle Latn luo Latn
apc_Arab glg Latn 4 lus_Latn .
arb_Arab grn_Latn lvs_Latn 87.0
ars_Arab guj_Gujr 4 mag_Deva
ary_Arab hat_Latn ! mai_Deva
arz_Arab

asm_Beng

. tag Latn
in_Deva min_Latn
awa_Deva | mkdcyl | 854 | telTen |
ayr_Latn
azb Arab hun_Latn y mni_Beng
azj_Latn o hye Armn mos_Latn
bak_Cyrl ibo_Latn
bam Latn ilo_Latn
ban_Latn ind_Latn nid_Latn 86.8
bel Cyrl nno Latn
bem Latn

ast_Latn

0
[
S

isl_Latn

ita_Latn tuk Latn
86.6

834 | nsolam |
826 | paglan |

jav_Latn
jpn_Jpan
kab_Latn
kac Latn

ben Beng
bho_Deva
bjn_Arab
bjn Latn
bos Latn

nob_Latn

kam_Latn

bug Latn kan_Knda

crh Latn khk Cyrl

khm_Khmr

por_Latn 88.4 xho_Latn
prs_Arab

bul_Cyrl kas_Arab urd_Arab 86.0
cat_Latn kas Deva uzn Latn 83.0
ceb Latn vec Latn 83.6
ces Latn vie_Latn
ik Lain
ckb_Arab pol_Latn 85.4 wol_Latn
|k oy |
| km Khmr |

cym Latn

dd_Hebr

dan Latn kik Latn
deu Latn kin_Latn

dik_Latn kir_Cyrl

850 | zho Ham |

dyu Latn kmb Latn rus Cyrl

ell_Grek 85.0 kmr_Latn 84.4
eng Latn 89.6 knc_Arab

epo_Latn knc_Latn

est_Latn kon_Latn

| 84 | sinsimn

slk_Latn

eus Latn

ewe Latn lao_Laoo

Figure 10: The accuracy score of AYA on XCOPA task across 198 languages.
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Language Performance Language performance Language performance Language performance

ace Arab fao Latn li Latn slv_Latn 79.78

ace Lan

acm_Arab fin_Latn
acq Arab snd_Arab

aeh Arab som Latn

afr_Latn fur_Latn Itg Latn sot_Latn

Itz_Latn spa_Latn 80.0
lua_Latn srd_Latn 78.52

als Latn gla_Latn lug Latn srp_Cyrl 76.99
amh_Ethi gle Latn luo Latn
apc_Arab glg Latn lus_Latn
arb_Arab grn_Latn lvs Latn
ars_Arab guj Gujr mag Deva
ary Arab hat Latn mai_Deva

arz_Arab hau Latn 79.44 mal_Mlym

asm Beng heb Hebr mar_Deva

ajp Arab fuv_Latn
aka_Latn gaz_Latn

ssw_Latn
sun_Latn
swe_Latn
swh Latn
szl Latn
tam Taml
tag Latn
min_Latn tat_Cyrl
mkd Cyrl
mit_Latn

ast_Latn hin_Deva
awa_Deva hne Deva tel_Telu
ayr_Latn hrv_Latn tgk Cyrl

azb Arab hun_Latn mni_Ben tgl Latn 77.86

azj Latn 80.34 hye Armn mos_Latn tha Thai 79.08
bak_Cyrl ibo_Latn mri_Latn tir_Ethi

bam_Latn ilo_Latn mya_Mymr tpi_Latn

ban_Latn ind_Latn nid_Latn tsn_Latn

bel Cyrl is| Latn nno_Latn tso_Latn

bem Latn tuk Latn

ben Beng » j npi_Deva tum_Latn
bho_Deva tur_Latn
bjn_Arab twi_Latn
uig Arab
ukr_Cyrl
bug Latn kan_Knda umb_Latn
bul_Cyrl kas_Arab pan_Guru urd_Arab

pn_Jpan
kab_Latn
bjn Latn kac Latn

Jpal

nus_Latn
nya Latn
bos Latn kam_Latn oci_Latn

pag Latn

cat Latn kas Deva pap Latn uzn Latn
pbt Arab vec Latn
ces Latn kaz Cyrl pes Arab vie Latn

nso_Latn

ceb Latn kat Geor

cjk_Latn kbp Latn plt_Latn war_Latn
ckb_Arab kea_Latn pol_Latn wol_Latn
crh_Latn khk Cyrl por_Latn xho Latn
cym Latn khm_Khmr prs_Arab dd_Hebr
dan Latn kik Latn quy Latn
deu_Latn kin_Latn ron_Latn ue_Hant
dik_Latn kir_Cyrl run_Latn zho Hans

dyu Latn kmb Latn rus_Cyrl zho Hant

ell_Grek kmr_Latn sag Latn zsm_Latn

eng Latn knc_Arab san_Deva zul Latn

scn_Latn 79.42

shn_Mymr
77.09 sin_Sinh

ewe Latn lao_Laoo slk_Latn

or_Latn

epo_Latn knc_Latn
est_Latn d kon_Latn
eus Latn

Figure 11: The accuracy score of AYA on B-NLI task across 198 languages.
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H Full Results for XLM-R base

Language Performance Language Performance Language Performance Language Performance

slv_Latn
smo_Latn
sna_Latn
snd_Arab
som_Latn
sot_Latn

spa_Latn 79.92

srd_Latn
sip Cyrl
ssw_Latn
sun_Latn
swe_Latn
swh_Latn
szl Latn

lij Latn
lim_Latn

ace_Arab fao_Latn
ace_Latn fif Latn
acm_Arab fin_Latn lin_Latn
acq Arab fon Latn lit_Latn
aeb_Arab fra_Latn Imo_Latn
afr_Latn fur_Latn Itg_Latn
ajp_Arab fuv_Latn Itz_Latn
aka_Latn gaz_Latn lua_Latn
als Latn gla Latn lug Latn
amh_Ethi gle Latn
apc_Arab glg Latn
arb_Arab grn_Latn
ars_Arab guj Gujr
ary Arab hat Latn
arz_Arab hau_Latn
asm_Beng heb Hebr
ast_Latn hin_Deva
awa_Deva hne Deva
ayr_Latn hrv_Latn

luo_Latn
lus_Latn
lvs_Latn
mag Deva
mai_Deva
tam_Taml
tag Latn
tat_Cyrl
tel Telu
tgk Cyrl
tgl Latn
tha_Thai

mar_Deva
min_Latn
mkd_Cyrl
mit Latn
azb Arab hun_Latn
azj Latn hye Armn
bak_Cyrl ibo_Latn mri_Latn
bam Latn ilo Latn mya Mymr

ban Latn ind Latn 79.22 nid Latn

bel Cyrl isl_Latn nno_Latn

mos_Latn

tpi_Latn
tsn Latn
tso_Latn

bem Latn ita_Latn 78.7 nob_Latn 80.38 tuk_Latn

npi_Deva
nso_Latn
nus Latn

ben_Beng jav_Latn
bho Deva ipn_Jpan
bjn_Arab kab Latn
bjn Latn kac Latn
bos_Latn kam_Latn oci_Latn
bug Latn kan_Knda pag_Latn
bul Cyrl 79.02 kas Arab pan_Guru
cat Latn 78.34 kas Deva pap Latn
pbt_Arab
pes_Arab
plt_Latn war_Latn
pol Latn wol Latn
por_Latn xho_Latn
prs_Arab dd_Hebr
quy Latn or_Latn
ron_Latn ue Hant
run_Latn zho Hans
rus_Cyrl zho Hant
sag_Latn zsm_Latn

san_Deva zul Latn
scn_Latn
shn_Mymr
sin_Sinh

tum_Latn
tur_Latn
twi_Latn
uig Arab
ukr_Cyrl
umb_Latn
urd Arab
uzn Latn

nya_Latn

vec Latn
vie Latn

ceb Latn kat Geor
ces Latn kaz_Cyrl
cik_Latn kbp_Latn
ckb Arab kea Latn
crh Latn khk Cyrl
cym Latn khm_Khmr
dan_Latn kik_Latn

deu_Latn kin_Latn

dik Latn kir Cyrl

dyu Latn kmb_Latn
ell_Grek kmr_Latn
eng Latn knc_Arab
epo_Latn knc_Latn
est Latn kon Latn
eus Latn

ewe Latn lao_Laoo slk_Latn

Figure 12: The accuracy score of XLM-R base on XNLI task across 196 languages.
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Language Performance Language Performance Language Performance Language Performance

fao Latn li Latn som_Latn
fij Latn
fin_Latn
fon Latn

fra Latn

ace Arab
sot_Latn
spa_Latn
srd_Latn
srp Cyrl

lim_Latn
lin_Latn
lit_Latn
Imo_Latn
Itg Latn
ltz_Latn
lua_Latn
lug_Latn
luo Latn

ace Latn
acm_Arab
acq_Arab
aeb Arab
afr_Latn
ajp_Arab
aka_Latn
als_Latn
amh_Ethi
apc_Arab
arb_Arab
ars_Arab
ary Arab
arz_Arab

74.39

fur_Latn ssw_Latn
sun_Latn
swe_Latn
swh_Latn

szl Latn

fuv_Latn
gaz_Latn
gla_Latn
gle Latn

75.18

tam_Taml
taq Latn
tat_Cyrl
tel_Telu
tgk Cyrl
tgl Latn
tha_Thai
tir_Ethi
tpi_Latn
tsn Latn
tso_Latn
tuk_Latn
tum_Latn
tur_Latn
twi_Latn
uig Arab
ukr_Cyrl
umb_Latn
urd_Arab
uzn Latn

lus Latn
lvs Latn
mag Deva
mai_Deva

glg Latn
grn_Latn
guj Gujr
hat_Latn
hau Latn
heb Hebr
hin_Deva
hne Deva
hrv_Latn
hun_Latn

min_Latn
mkd_Cyrl
mit_Latn
mni_Beng
mos _Latn

asm_Beng
ast_Latn
awa_Deva
ayr_Latn
azb Arab
azj Latn
bak Cyrl
bam_Latn
ban_Latn
bel Cyrl
bem Latn
ben Beng
bho_Deva
bjn_Arab
bjn Latn
bos Latn
bug Latn
bul_Cyr
cat Latn
ceb Latn

75.31

mri_Latn
nid_Latn
nno_Latn
nob_Latn
nso_Latn

hye Armn
ibo_Latn
ilo_Latn
ind_Latn
isl_Latn

74.45

76.77 76.04

nus Latn
nya Latn
oci_Latn
pag_Latn
pap Latn
pbt Arab
pes_Arab
plt_Latn
pol Latn
por Latn

ita_Latn
jav_Latn
jpn_Jpan
kab_Latn
kac Latn

74.06
74.78

vec Latn
vie Latn
war_Latn
wol Latn
xho_Latn
dd Hebr
or_Latn
ue Hant
zho Hans
zho Hant

kam_Latn
kan_Knda
kas_Arab
kas Deva
kat Geor
kaz Cyrl
kbp_Latn
kea_Latn
khk Cyrl
khm Khmr
kik Latn
kin_Latn
kir_Cyrl
kmb Latn
kmr_Latn
knc_Arab
knc_Latn
kon_Latn

prs_Arab
quy Latn
ron_Latn
run_Latn
rus Cyrl

ces Latn
cik_Latn
ckb_Arab
crh Latn
cym Latn
dan_Latn
deu_Latn
dik_Latn
dyu Latn
ell Grek
eng Latn
epo_Latn
est_Latn
eus Latn
ewe Latn

76.9

75.45

74.72

zsm Latn
zul Latn

sag Latn
san Deva
scn_Latn
shn_Mymr
sin_Sinh
slk_Latn
slv_Latn
smo_Latn
sna Latn
snd_Arab

lao_Laoo

Figure 13: The accuracy score of XLLM-R base on XStoryCloze task across 196 languages.
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Language Performance Language Performance Language Performance Language Performance

ace Arab fao Latn li Latn slv_Latn
smo_Latn
sna_Latn
snd_Arab

som Latn

lim_Latn
lin_Latn
lit_Latn
Imo_Latn
Itg Latn
ltz_Latn
lua_Latn
lug_Latn
luo Latn

ace Latn fif Latn
acm_Arab fin_Latn
acq_Arab fon Latn
aeb Arab fra_Latn
afr_Latn fur_Latn sot_Latn
ajp_Arab
aka_Latn gaz_Latn
als_Latn gla_Latn
amh_Ethi gle Latn
apc_Arab glg Latn
arb_Arab grn_Latn
ars_Arab guj Gujr
ary Arab hat_Latn
arz_Arab hau Latn

spa_Latn
srd_Latn
srp_Cyrl

ssw_Latn

fuv_Latn

lus Latn sun_Latn
lvs Latn
mag Deva

mai_Deva

swe_Latn
swh_Latn
szl Latn
tam_Taml
mar_Deva tag Latn
min_Latn tat_Cyrl
mkd_Cyrl tel Telu
mit_Latn tgk Cyrl
tgl Latn
tha Thai
tir_Ethi
tpi_Latn

asm Beng heb Hebr
ast_Latn hin_Deva
awa_Deva hne Deva
ayr_Latn hrv_Latn
azb Arab hun_Latn
mos_Latn
mri_Latn
mya_Mymr
nid_Latn tsn_Latn
nno Latn tso _Latn
nob_Latn tuk_Latn
npi_Deva tum_Latn
nso_Latn tur_Latn
nus_Latn twi_Latn
nya Latn uig Arab
ukr_Cyrl
umb_Latn
urd_Arab

azj Latn hye Armn
bak Cyrl ibo_Latn
bam_Latn ilo_Latn
ban_Latn ind_Latn
bel Cyrl isl_Latn
bem Latn ita_Latn
ben Beng jav_Latn
bho_Deva jpn_Jpan
bjn_Arab kab_Latn
bjn Latn kac Latn

bos Latn kam_Latn oci_Latn
bug Latn kan_Knda pag Latn
bul_Cyrl kas_Arab pan_Guru

uzn Latn
vec Latn
vie_Latn
war_Latn
wol_Latn
xho Latn
dd Hebr
quy Latn or_Latn
ron_Latn ue Hant
run_Latn zho_Hans
rus Cyrl zho Hant

sag Latn zsm Latn 91.25

zul Latn

cat Latn kas Deva pap Latn
pbt Arab
pes Arab
plt_Latn
pol_Latn
por_Latn
prs_Arab

ceb Latn kat Geor
ces Latn kaz Cyrl
cik_Latn kbp_Latn
ckb_Arab kea_Latn
crh Latn khk Cyrl
cym Latn khm Khmr
dan Latn kik Latn

deu_Latn kin_Latn

dik_Latn kir_Cyrl

dyu Latn kmb Latn
ell Grek kmr_Latn
eng_Latn knc_Arab
epo_Latn knc_Latn
est_Latn kon_Latn shn_Mymr
eus Latn sin_Sinh
ewe Latn lao_Laoo slk_Latn

san_Deva
scn_Latn

Figure 14: The accuracy score of XLM-R base on PAWS-X task across 196 languages.
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I ChrF++ scores per language

Language Chrf++ score Language Chrf++ score Language Chrf++ score Language Chrf++ score

lim_Latn smo_Latn
lin_Latn

lit_Latn

ace_Arab fif Latn
ace_Latn fin_Latn sna_Latn
acm_Arab fon Latn snd_Arab
acg Arab fra Latn Imo_Latn som_Latn
aeb Arab fur_Latn Itg Latn sot_Latn
afr_Latn fuv_Latn
ajp_Arab gaz_Latn
aka Latn gla_Latn

ltz_Latn spa_Latn
lua_Latn srd_Latn

lug_Latn srp_Cyrl

als Latn gle Latn luo Latn ssw_Latn
amh_Ethi glg Latn lus Latn sun_Latn
apc_Arab grn_Latn
arb_Arab guj Gujr
ars_Arab hat Latn
ary Arab hau Latn
arz_Arab heb Hebr mar_Deva tag Latn

asm_Beng hin_Deva 56.72 min_Latn tat_Cyrl

ast_Latn hne Deva mkd_Cyrl tel Telu

lvs Latn swe Latn
mag Deva swh Latn
mai_Deva szl_Latn

mal_Mlym tam Taml

awa Deva hrv_Latn
ayr Latn hun Latn
azb Arab hye Armn
azj Latn ibo_Latn mri_Latn tir_Ethi
bak_Cyrl ilo_Latn mya_Mymr tpi_Latn
bam Latn ind_Latn nid Latn 57.1 tsn_Latn
ban Latn isl_Latn nno_Latn tso _Latn
bel Cyrl ita_Latn nob _Latn tuk Latn
bem Latn jav_Latn npi_Deva tum_Latn
ben_Beng jpn_Jpan nso_Latn tur_Latn
bho Deva kab Latn nus Latn twi_Latn
bjn Arab kac Latn uig Arab
bjn Latn kam_Latn ukr_Cyrl
bos Latn kan_Knda umb_Latn
bug Latn kas_Arab pan_Guru urd_Arab
bul_Cyrl 61.75 kas Deva pap Latn uzn Latn
cat Latn 64.34 kat Geor pbt Arab
ceb Latn 57.88 kaz_Cyrl pes_Arab
ces_Latn kbp Latn plt_Latn war_Latn
cik_Latn kea_Latn pol_Latn wol_Latn
ckb Arab khk Cyrl por Latn xho Latn
crh Latn khm Khmr prs_Arab dd Hebr
cym Latn kik_Latn quy Latn or_Latn
dan_Latn kin_Latn ron_Latn
deu_Latn kir_Cyrl run_Latn
dik Latn kmb Latn
dyu Latn kmr_Latn
ell_Grek knc_Arab
epo_Latn knc_Latn scn_Latn
est Latn kon_Latn shn_Mymr

tgl Latn
tha Thai

mni_Beng
mos_Latn

nya Latn

oci_Latn
pag Latn

=
(9]
3

vec Latn

vie Latn 60.12

ue_Hant
zho_Hans
zho Hant

zsm Latn 65.86

zul Latn

rus Cyrl
sag Latn

san_Deva

sin_Sinh
slk_Latn 55.71

slv_Latn

eus Latn

ewe Latn lao_Laoo
fao Latn li Latn

mit_Latn

Figure 15: Chrf++ scores for the selected languages.
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J Language coverage

‘ Category ‘ Languages

High arb_Arab , bul_Cyrl, dan_Latn , deu_Latn , ell_Grek , eng_Latn , fin_Latn ,
fra_Latn , heb_Hebr , hun_Latn , ind_Latn , ita_Latn , jpn_Jpan , kor_Hang ,
nld_Latn , nob_Latn , pes_Arab , pol_Latn , por_Latn , ron_Latn , rus_Cyrl ,
spa_Latn , tha_Thai , ukr_Cyrl, vie_Latn , zho_Hans
Mid als_Latn, azj_Latn , bel_Cyrl, ben_Beng , cat_Latn, ces_Latn , est_Latn ,
glg_Latn, hin_Deva, hrv_Latn, hye_Armn, isl_Latn , kan_Knda , kat_Geor ,
kaz_Cyrl , khk_Cyrl, lit_Latn , lvs_Latn , mal_Mlym , mar_Deva , mkd_Cyrl,
npi_Deva , sin_Sinh, slk_Latn , slv_Latn , srp_Cyrl , swe_Latn , tam_Taml ,
tel_Telu , tgl_Latn , tur_Latn , urd_Arab , zho_Hant , zsm_Latn
Low afr_Latn , amh_Ethi , asm_Beng , bos_Latn , ckb_Arab , cym_Latn , epo_Latn ,
eus_Latn, gaz_Latn, gla_Latn, gle_Latn, guj_Gujr, hau_Latn , jav_Latn,
khm_Khmr , kir_Cyrl, lao_Laoo , mya_Mymr , pan_Guru , pbt_Arab , plt_Latn ,
san_Deva , snd_Arab , som_Latn , sun_Latn , swh_Latn , uig_Arab , uzn_Latn ,
xho_Latn , ydd_Hebr
Unseen ace_Arab , ace_Latn , acm_Arab , acq_Arab , aeb_Arab , ajp_Arab , aka_Latn ,
apc_Arab , ars_Arab , ary_Arab, arz_Arab , ast_Latn , awa_Deva , ayr_Latn ,
azb_Arab , bak_Cyrl , bam_Latn , ban_Latn , bem_Latn , bho_Deva , bjn_Arab ,
bjn_Latn , bug_Latn, ceb_Latn , cjk_Latn , crh_Latn , dik_Latn, dyu_Latn ,
ewe_Latn , fao_Latn , fij_Latn , fon_Latn , fur_Latn , fuv_Latn , grn_Latn ,
hat_Latn , hne_Deva , ibo_Latn , ilo_Latn , kab_Latn , kac_Latn , kam_Latn ,
kas_Arab , kas_Deva , kbp_Latn , kea_Latn , kik_Latn , kin_Latn , kmb_Latn ,
kmr_Latn , knc_Arab , knc_Latn , kon_Latn , lij_Latn , lim_Latn , lin_Latn ,
Imo_Latn , Itg_Latn, Itz_Latn , lua_Latn , lug_Latn , luo_Latn , lus_Latn,
mag_Deva , mai_Deva , min_Latn , mlt_Latn , mni_Beng , mos_Latn , mri_Latn ,
nno_Latn , nso_Latn , nus_Latn , nya_Latn , oci_Latn , pag_Latn , pap_Latn ,
prs_Arab, quy_Latn, run_Latn, sag_Latn, scn_Latn , shn_Mymr , smo_Latn,
sna_Latn , sot_Latn , srd_Latn , ssw_Latn , szl_Latn , tag_Latn , tat_Cyrl ,
tgk_Cyrl, tir_Ethi, tpi_Latn , tsn_Latn , tso_Latn , tuk_Latn , tum_Latn,
twi_Latn , umb_Latn , vec_Latn , war_Latn , wol_Latn , yor_Latn , yue_Hant ,
zul_Latn

XLM-R

High arb_Arab , cat_Latn, eng_Latn , fra_Latn , ind_Latn , por_Latn , spa_Latn ,
vie_Latn , zho_Hans
Mid | ben_Beng, eus_Latn, hin_Deva , mal_Mlym , tam_Taml , urd_Arab , zho_Hant’
Low aka_Latn , asm_Beng , bam_Latn , bho_Deva , fon_Latn , guj_Gujr, ibo_Latn ,
kan_Knda , kik_Latn , kin_Latn , lin_Latn , mar_Deva , npi_Deva , nso_Latn ,
sot_Latn , swh_Latn , tel_Telu , wol_Latn , xho_Latn , yor_Latn , zul_Latn
Unseen ace_Arab , ace_Latn , acm_Arab , acq_Arab , aeb_Arab , afr_Latn , ajp_Arab ,
apc_Arab , ars_Arab , ary_Arab, arz_Arab , ast_Latn , awa_Deva , ayr_Latn ,
azb_Arab , azj_Latn, ban_Latn , bem_Latn , bjn_Arab , bjn_Latn , bos_Latn ,
bug_Latn, ceb_Latn , ces_Latn, cjk_Latn, ckb_Arab, crh_Latn , cym_Latn ,
dan_Latn , deu_Latn , dik_Latn , dyu_Latn , epo_Latn , est_Latn , ewe_Latn ,
fao_Latn , fij_Latn , fin_Latn , fur_Latn , fuv_Latn , gla_Latn , gle_Latn ,
glg_Latn, grn_Latn , hat_Latn , hau_Latn , hne_Deva , hrv_Latn , hun_Latn ,
ilo_Latn , isl_Latn , ita_Latn , jav_Latn , kab_Latn , kac_Latn , kam_Latn ,
kas_Arab , kas_Deva , knc_Arab , knc_Latn , kbp_Latn , kea_Latn , kmb_Latn ,
kmr_Latn , kon_Latn , lij_Latn , lim_Latn , lit_Latn , Imo_Latn , Itg_Latn ,
Itz_Latn, lua_Latn, lug_Latn, luo_Latn , lus_Latn , lvs_Latn , mag _Deva,
mai_Deva , min_Latn , plt_Latn , mlt_Latn , mni_Beng , mos_Latn , mri_Latn ,
nld_Latn , nno_Latn , nob_Latn , nus_Latn , nya_Latn , oci_Latn , gaz_Latn ,
pag_Latn , pap_Latn , pes_Arab , pol_Latn , prs_Arab , pbt_Arab, quy_Latn,
ron_Latn , run_Latn , sag_Latn , san_Deva , scn_Latn , slk_Latn , slv_Latn,
smo_Latn , sna_Latn , snd_Arab , som_Latn , als_Latn , srd_Latn , ssw_Latn ,
sun_Latn , swe_Latn , szl_Latn , tgl_Latn , taq_Latn , tpi_Latn , tsn_Latn ,
tso_Latn , tuk_Latn , tum_Latn , tur_Latn , twi_Latn , uig_Arab , umb_Latn ,
uzn_Latn , vec_Latn , war_Latn , yue_Hant , zsm_Latn

BLOOMz

Table 13: The languages covered during pretraining of each of the MLMs categorized by the amount of data that
was seen for them during pretraining.
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‘ ‘ Category Languages

High hye_Armn , kan_Knda , tur_Latn , ita_Latn , nld_Latn , pol_Latn , por_Latn ,
isl_Latn , fra_Latn , deu_Latn , spa_Latn , rus_Cyrl , eng_Latn
Mid est_Latn , ben_Beng , mar_Deva, slv_Latn, lit_Latn , heb_Hebr, zsm_Latn ,
cat_Latn , tha_Thai , kor_Hang , slk_Latn , hin_Deva , bul_Cyrl, nob_Latn ,
fin_Latn , dan_Latn , hun_Latn , ukr_Cyrl, ell_Grek , ron_Latn , swe_Latn ,
arb_Arab , pes_Arab , zho_Hans , ces_Latn
Low hat_Latn , kor_Hang , xho_Latn , ibo_Latn , lao_Laoo , mri_Latn , smo_Latn ,
ckb_Arab , amh_Ethi, nya_Latn, hau_Latn, plt_Latn, pbt_Arab, gla_Latn,
sun_Latn , jpn_Jpan , sot_Latn , ceb_Latn , pan_Guru , gle_Latn , kir_Cyrl,
epo_Latn , sin_Sinh, guj_Gujr, yor_Latn , tgk_Cyrl, snd_Arab , mya_Mymr ,
kaz_Cyrl , khm_Khmr, som_Latn , swh_Latn , ydd_Hebr, uzn_Latn , hun_Latn ,
mlt_Latn , eus_Latn , bel_Cyrl, kat_Geor , mkd_Cyrl , mal_Mlym , khk_Cyrl,
tha_Thai , afr_Latn , ukr_Cyrl , ltz_Latn , tel_Telu , urd_Arab , lit_Latn ,
npi_Deva , srp_Cyrl , tam_Taml , cym_Latn , als_Latn, glg_Latn , azj_Latn,
lvs_Latn
Unseen ace_Arab , ace_Latn , acm_Arab , acq_Arab, aeb_Arab , ajp_Arab , aka_Latn,
apc_Arab , ars_Arab , ary_Arab , arz_Arab, asm_Beng , ast_Latn , awa_Deva,
ayr_Latn, azb_Arab , bak_Cyrl , bam_Latn , ban_Latn , bem_Latn , bho_Deva ,
bjn_Arab , bjn_Latn , bos_Latn , bug_Latn , cjk_Latn , crh_Latn , dik_Latn ,
dyu_Latn , ewe_Latn, fao_Latn, fij_Latn, fon_Latn , fur_Latn , fuv_Latn,
grn_Latn , hne_Deva , hrv_Latn , ilo_Latn , kab_Latn , kac_Latn , kam_Latn ,
kas_Arab , kas_Deva , knc_Arab , knc_Latn , kbp_Latn , kea_Latn , kik_Latn,
kin_Latn , kmb_Latn , kmr_Latn , kon_Latn , lij_Latn , lim_Latn , lin_Latn ,
Imo_Latn , Itg_Latn , lua_Latn , lug_Latn , luo_Latn , lus_Latn , mag_Deva ,
mai_Deva , min_Latn , mni_Beng , mos_Latn , nno_Latn , nso_Latn , nus_Latn ,
oci_Latn, gaz_Latn, pag_Latn, pap_Latn , prs_Arab, quy_Latn , run_Latn ,
sag_Latn, san_Deva, scn_Latn , shn_Mymr , srd_Latn , ssw_Latn , szl_Latn,
tat_Cyrl , tgl_Latn , tir_Ethi, taq_Latn , tpi_Latn , tsn_Latn , tso_Latn ,
tuk_Latn , tum_Latn , twi_Latn , tzm_Tfng , uig_Arab , umb_Latn , vec_Latn ,
war_Latn , wol_Latn , yue_Hant , zho_Hant , dzo_Tibt

AYA

Table 14: The languages covered during AYA’s pretraining categorized by the amount of data that was seen during
pretraining.
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Cross-lingual Human-Preference Alignment for
Neural Machine Translation with Direct Quality Optimization

Kaden Uhlig!, Joern Wiibker!, John DeNero', Raphael Reinauer?*
'LILT, 2Amazon
{kaden.uhlig, joern, john}@lilt.com, raphada@amazon.de

Abstract

Reinforcement Learning from Human Feed-
back (RLHF) and derivative techniques like
Direct Preference Optimization (DPO) are task-
alignment algorithms used to repurpose gen-
eral, foundational models for specific tasks. We
show that applying task-alignment to neural
machine translation (NMT) addresses an ex-
isting task—data mismatch in NMT, leading to
improvements across all languages of a mul-
tilingual model, even when task-alignment is
only applied to a subset of those languages.
We do so by introducing Direct Quality Opti-
mization (DQO), a variant of DPO leveraging a
pre-trained translation quality estimation model
as a proxy for human preferences, and verify
the improvements with both automatic metrics
and through human evaluation.

1 Introduction

For many natural language generation (NLG) tasks,
aligning models to human preferences has led to
large performance gains (Ziegler et al., 2020). A
strong motivation for this alignment step is that
much of the data on which the model was originally
trained — internet text — is useful for language gen-
eration in general but does not match the desired
output for the task. Neural machine translation
(NMT) models have not involved alignment to hu-
man preferences, in part because of the assumption
that supervised training data for NMT does match
the desired output of the translation task. However,
we show the existence of a mismatch between the
NMT task and typical training data.

Machine translation is unusual among NLG
tasks in that task-relevant supervised training data
— text paired with its translation — is plentiful and
publicly available. One might expect that with such
a large amount of task-relevant training data, there
would be no need for task-alignment. However, we
identify an exhaustive list of reasons why training

*Contributions made prior to joining Amazon.

examples in a parallel corpus diverge from the de-
sired output in meaningful ways (see Section 2.2).

Machine translation is also unusual in that hu-
man preference data has been collected and pub-
lished for a large number of systems, and transla-
tion quality estimation (QE) is an active research
area that has benefited greatly from recent advances
in large language models. We introduce a method
for using quality estimation models, which them-
selves are trained from human preference data, in
order to perform NMT task alignment. Our method,
Direct Quality Optimization (DQO), is a batched
online variant of Direct Preference Optimization
(DPO) (Rafailov et al., 2023) that uses a QE model
as a proxy for human preference.

We show that DQO improves translation quality
in terms of BLEU, COMET?22, CometKiwi22, and
BLEURT, and leads to a reduction in translation
errors in a human evaluation using the Multidimen-
sional Quality Metric framework (MQM) (Lommel
et al., 2014; Freitag et al., 2021).

We make three notable observations when apply-
ing DQO to a multilingual model:

1. Task alignment increases task performance
and human preference while also increasing
the distance between the model’s output dis-
tribution and the training data distribution.

2. Improvements carry over to held-out lan-
guages and language families, which were not
contained in the data used for DQO.

3. Improvements in held-out languages are not
limited to general behaviors required by the
translation task (e.g. avoiding omissions), but
include improving language-specific linguis-
tic features not seen in the DQO alignment
data, such as correctly transliterating named
entities in Latvian.

While we attribute much of the performance
in held-out languages to transfer learning of gen-
eral behaviors required by the translation task
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(e.g. avoiding omissions), the language-specific
improvements in held-out languages cannot be ex-
plained by transfer learning.

Instead, these results suggest that DQO does not
only increase the likelihood of the features present
in its task alignment data, but also focuses the
model on human preference features that it already
learned during supervised training.

2 The Task-Data Mismatch in NMT

2.1 Task: Human-Preferred Translations

Like many NLG tasks, NMT is an open-ended prob-
lem, with multiple valid outputs for any given input,
each preferred more or less by humans depending
on a variety of factors, including adequacy, fluency,
context, tone, style, and many other subtle features.

Because of this, the task of NMT cannot be re-
duced to producing valid translations, nor human-
like translations, but instead requires generating
human-preferred translations — those judged as at
least as good as all other valid translations.

2.2 Training Data Mismatch

The supervised training data used in NMT comes
from a variety of sources, each with notable differ-
ences from the task distribution of human-preferred
translations.

Web Data Mining. A large portion of parallel
data is mined from massive collections of web doc-
uments, using automated methods to align source
and target language segments — e.g. the ParaCrawl
(Banén et al., 2020) and CCMatrix (Schwenk et al.,
2021b) datasets. This process may capture human
translations, text written independently in both the
source and target languages on the same topic,
or the output of other MT models. One promi-
nent cause of task—data mismatch in automatically
aligned sentence pairs is semantic misalignment.
Kreutzer et al. (2022) found semantic misalign-
ment in 15% (ParaCrawl) and 32% (CCMatrix) of
sentence pairs in a manual quality audit.

The simplest form is complete semantic mis-
alignment, when the source and target segments are
completely unrelated. This certainly contributes to
any task—data mismatch, but such pairs are easy
to detect with tools such as BiCleaner (Ramirez-
Sanchez et al., 2020) or reference-free quality eval-
uation models such as CometKiwi22 (Peter et al.,
2023).

Unfortunately, slight semantic misalignments of
source and target are both more prevalent and much
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more difficult for state-of-the-art filtering systems
to detect (Meng et al., 2024). These may include
subtle yet significant differences in meaning, fac-
tual differences in numbers or names, additions and
omissions, and the accompanying losses in trans-
lation adequacy. In addition, these segments often
still contain useful information that may help the
model learn (Meng et al., 2024).

Accidental Inclusion of Machine Translated
Content. Web data may also include the outputs of
other machine translation models, including neural,
statistical and dictionary-based methods of vary-
ing quality. The impact of training on low quality
machine translations is clear, however even good
NMT systems’ outputs differ significantly enough
from natural text that classifiers can detect machine
translated text with high accuracy — and even pre-
dict which machine translation system was used to
translate a given text (La Morgia et al., 2023).

Recent research suggests that up to 57% of trans-
lations mined from the web are multi-way parallel,
meaning parallel translations of a segment can be
found in more than two languages, and demon-
strates a strong correlation between multi-way par-
allelism and low quality translations likely to be
machine translated (Thompson et al., 2024). The
authors also found that multi-way parallel trans-
lations follow a distinct distribution, focused on
low-quality content typically used for search en-
gine optimization.

Translator Skill Level. Another source of task—
data mismatch in human translations is the fact
that translators differ in skill level (Albir, 2017).
This implies that not all human translations will be
equally preferred by humans.

Achieving mean human quality in translations
is not the task of NMT as defined in Section 2.1.
We propose that neither is maximum human qual-
ity. In theory it is conceivable that humans prefer
machine-generated translations over even the best
human-generated translations. Therefore, we do
not want finite human skill to impose an upper limit
on translation quality.

Translationese. Another common issue is a
phenomenon known as franslationese, the obser-
vation that human-translated text in a given lan-
guage differ in distribution from text written inde-
pendently in that language. Specifically, translated
text shows signs of interference from the source
language’s grammar, word order and word choice,
as well as source-language-independent effects of
the translation process itself, such as simplification



Model Lan FLORES+ devtest NTREX

& BLEURT COMET22 CometKiwi22 BLEU BLEURT COMET22 CometKiwi22 BLEU
Baseline All 0.7614 0.8741 0.8387 34.19 0.7016 0.8359 0.8099 30.31
DQO All 0.7790 0.8873 0.8508 35.31 0.7212 0.8525 0.8255 31.21
Baseline 7 0.7231 0.8417 0.8272 34.50 0.6677 0.8040 0.7979 32.62
DQO T 0.7381 0.8559 0.8401 35.34 0.6854 0.8209 0.8137 33.16
Baseline 7°¢ 0.7691 0.8805 0.8410 34.13 0.7084 0.8423 0.8123 29.85
DQO Te 0.7872 0.8935 0.8529 35.30 0.7284 0.8588 0.8278 30.82
Baseline RNTC 0.7802 0.8820 0.8447 36.46 0.7202 0.8432 0.8154 33.01
DQO RNTE 0.7967 0.8936 0.8557 37.54 0.7391 0.8593 0.8307 34.13
Baseline R° 0.7549 0.8787 0.8364 31.17 0.6934 0.8413 0.8084 25.84
DQO RE 0.7751 0.8934 0.8493 32.46 0.7147 0.8581 0.8242 26.61

Table 1: Evaluation metrics on FLORES+ devtest and NTREX with the NVIDIA Megatron EN-X model, before
and after task-alignment using DQO. Results are shown for relevant groupings of the 30 target languages: all
languages, languages used in DQO (7'), languages not used in DQO (7¢), languages not used in DQO, but related
to those used in DQO (R N 7€), and languages neither used nor related to the languages used in DQO (R°).

and avoidance of unique language features (Kop-
pel and Ordan, 2011; Laviosa, 1998; Tirkkonen-
Condit, 2004). These effects are significant enough
that classification models can distinguish translated
and original text with high accuracy (Baroni and
Bernardini, 2005; Sominsky and Wintner, 2019), as
well as identifying the source language of the text
(Koppel and Ordan, 2011). As humans show a con-
sistent preference for translations closer to the dis-
tribution of original text rather than translationese
(Riley et al., 2020; Freitag et al., 2022b), this cre-
ates an inherent task—data mismatch for training
data translated in the source—target direction.

Source-Target Domain Mismatch. Translation
pairs in the other direction, target—source, are better
aligned with human preference, as the target labels
are drawn from the original text distribution rather
than from translationese. Unfortunately, they suffer
from another subtle source of task—data mismatch
found in human translations: Source—target domain
mismatch (Shen et al., 2021) is the observation that
speakers of different languages tend to discuss dif-
ferent topics. For instance, a Cherokee newspaper
is likely to report on different topics than an Ice-
landic newspaper would, and translations of these
topics would remain representative of the Cherokee
domain. This effect is especially pronounced for
low-resource language pairs (Shen et al., 2021).

If one were to avoid the task—data mismatch of
translationese by using only target—source transla-
tion pairs, the training data may lack key informa-
tion about topics found only in the source domain.
Because the task is translation from the source do-
main into the target language, this, too, would rep-
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resent an unavoidable task—data mismatch.

3 Human Preference Learning for LLLMs

Supervised data showing chat-based dialog be-
tween humans and Al assistants was, prior to the
wide availability of such agents in the form of
LLMs, understandably rare. Even with the advent
of high quality proprietary and open-source mod-
els, which one could sample to create synthetic
data, there is a fundamental task—data mismatch:
the task is not to imitate an existing Al assistant,
but (ideally) to train a new state-of-the-art model.
LLM training instead follows a two-step process:

. Supervised learning on massive amounts of
web data.

Task alignment using instruction fine-tuning
and human preference learning.

In step one, the actual task for which the model is
optimized is predicting the next token in documents
taken from the web. This, when done at scale and
with a variety of data sources, provides the model
with extensive world knowledge and understanding
of a wide array of styles and document types.

This is then followed by instruction fine-tuning,
a comparatively brief round of supervised learning
on human- or Al-labeled examples of dialogues,
which brings the model’s output distribution into
the general neighborhood of desired behavior. Fi-
nally human preference learning, using actual hu-
man rankings aligns the model with the desired
task: producing human-preferred responses to ques-
tions and dialog, while remaining helpful and harm-
less (Bai et al., 2022).



Direct Preference Optimization (DPO) is a pref-
erence learning algorithm that trains on preference
pairs of the form (x, y,,, y;), with = being a model
input, and y,, and y; being two potential model out-
puts for the input z, marked as chosen (winning) or
rejected (losing) by humans during data collection
(Rafailov et al., 2023), using the loss function:

)

4 Direct Quality Optimization for NMT
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where ¢ is the logistic function.

Because of its stability and ease of use, we select
DPO as the basis for our experiments with human
preference learning as a form of task alignment
for NMT. As a proxy for human preferences, we
use the CometKiwi22 quality estimation model to
score and compare multiple translations of a given
source (Rei et al., 2022b). CometKiwi22 is highly
multilingual and has been shown to correlate well
with human preference (Kocmi et al., 2024). To ver-
ify that our method is not dependent on the specific
choice of quality estimation model we conducted
a brief experiment using MetricX (Juraska et al.,
2023) instead of CometKiwi22 and obtained very
similar results.

Our main experiments are run with the NVIDIA
Megatron English-Many model', a 500M parame-
ter encoder-decoder model, which supports trans-
lating from English into 30 languages® from 14
language families, listed in Table 2. We denote the
complete list of supported target languages as M.

Language Family Languages (ISO 639-1)
Baltic 1t, Iv

Germanic da, de, nl, no, sv
Romance es, fr, it, pt, ro

Slavic bg, cs, hr, pl, ru, sl, uk
Uralic et, fi, hu

Other el, hi, id, ja, ko, tr, vi, zh

Table 2: Target languages supported by the NVIDIA
Megatron En-X model. The category “Other” contains
all languages that are the only supported representative
of their language family. The languages on which we
apply task alignment are denoted in boldface.

1https: //catalog.ngc.nvidia.com/orgs/nvidia/t
eams/nemo/models/megatronnmt_en_any_500m

The model was originally trained to support 32 languages,
but we found that translating into Arabic and Slovak resulted
in degenerate output.
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The model’s multilingual nature allows us to ap-
ply task alignment to a subset of language pairs and
observe the effects on unrelated languages, with
minimal risk of exposing the model to any new
information in those languages.

Any improvements in those languages must ei-
ther apply to all languages (such as avoiding omis-
sions or additions), or are language specific, and
can only have come from previously unused latent
knowledge acquired during supervised training.

In our experiments, we selected Chinese, Ger-
man, Hindi, Russian and Spanish as the target
languages used during task alignment, termed
T = {de,es, hi,ru,es}. Let T¢ = M\ T be
the set containing the 25 target languages not rep-
resented during task alignment, R be the set of
languages related to at least one language in 7 (de-
fined as belonging to the same language family),
and R® = M \ R be the languages unrelated to
any of the languages used in task alignment. An
overview of how many languages belong to each
set is shown in Table 3.

Subset  Definition Size
T Languages seen in DQO 5
T¢ Languages not seen in DQO 25
R Languages related to 7 19
RC Languages unrelated to 7 11

Table 3: Target languages supported by the NVIDIA
Megatron EN-X model, categorized by their relation-
ship with the languages selected for task alignment.

As the seed dataset from which to draw source
sentences for human preference learning, we use
the source side of a mixture of publicly available
English-German MT datasets (see Appendix A.4).

From this dataset, we sample 8000 source seg-
ments. For each source segment, we sample a target
language from 7, the languages used for task align-
ment, and use the current policy model to sample
64 translations into that language using combined
Top-K and Top-P sampling, with K = 40, P = 0.8
(Fan et al., 2018; Holtzman et al., 2020). We also
add the greedy translation for each source segment,
obtaining a total of 520 000 translations.

Letting the output of the CometKiwi22 Quality
Estimation (QE) model for a source x and trans-
lation y be rgp(x,y), we build a relation >, as a
proxy for true human preferences:

Y1 =2 Y2 = 1QE(T, Y1) > rQE(T,Y2) + €

where € > 0 is a tolerance parameter to help miti-


https://catalog.ngc.nvidia.com/orgs/nvidia/teams/nemo/models/megatronnmt_en_any_500m
https://catalog.ngc.nvidia.com/orgs/nvidia/teams/nemo/models/megatronnmt_en_any_500m

gate proxy model noise. We set ¢ = 0.005.

To construct preference pairs, we then select
the highest scoring translation per source segment
as Y, and uniformly sample a single y; from all
remaining translation candidates that satisfy y,, >
y; under our proxy model.

This results in slightly under 8000 preference
pairs (occasionally the maximum difference in
COMET?22 score between a segment’s highest and
lowest scoring sampled translations is less than ¢,
in which case we do not produce a preference pair),
we run DPO training with a batch size of 8192
tokens (counting source, chosen and rejected to-
kens), a learning rate of le—6 and 8 = 0.5. See
Appendix 8 for a full list of hyperparameters.

At this point, we train on the preference pairs
using standard DPO for 8 epochs, after which we
sample a fresh set of source segments from the seed
dataset, sample translations from the policy model,
create a new set of preference pairs, and begin
the training again. This resampling process helps
ensure that the preference pairs remain relevant
to the policy model during training, and leads to
substantial performance improvements. In total,
we perform 5 rounds of DPO training. We call this
end-to-end process Direct Quality Optimization
(DQO), detailed formally in Algorithm 1.

DQO can be viewed as a batched online version
of DPO, as the updates are performed on batches
of data sampled from the policy model.

S Experimental Results

5.1 Automatic Quality Metrics

We evaluated the model pre- and post-task align-
ment on the FLORES+ (Team et al., 2024) and
NTREX (Federmann et al., 2022; Barrault et al.,
2019) datasets, both of which cover all of the lan-
guages supported by the Megatron model.

We use corpus-level sacreBLEU? (Post, 2018) as
well as three neural evaluation models: Reference-
free CometKiwi22 (Rei et al., 2022b), reference-
based COMET22 (Rei et al., 2022a), and BLEURT
(Sellam et al., 2020).

Here it is important to note that the
CometKiwi22 model was used as a proxy
for human preferences in this experiment, and
was thus directly optimized for. The scores from
the other two neural evaluation models are thus

3Signatulre: nrefs:1|case:mixed|eff:no|tok:13a]|
smooth:exp|version:2.4.0. For JA and ZH, we addition-
ally use the mecab-ja and mecab-zh tokenizers.
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Algorithm 1: Direct Quality Optimization

Parameters: preference relation >, number
of rounds n, epochs per round
m, epoch size d, learning rate
«, DPO regularization (3,
sampled translations per
source k
Input: Source language seed dataset .S,
reference-free QE model rgg,
reference model 7t

T < Trefs

for round+ =1,2,...,ndo
X < sample d sentences from S
P+ @,

foreach source x € X do
g < Greedy ,(x);
Y < sample £ translations of x
from my;
Vi <Y U{gh
Yo ¢ argmax,cy. rQe(T,Y);
Y, = {y/ € Y—f—’yw ~x y/};
if Y; # & then
y; < sample y € Y;;
P« PU{(z,ywu)};

end
for epoch j =1,2,...,mdo

‘ Ty < DPO(7g, Trep, P, o, B);
end

end

Figure 1: Direct Quality Optimization (DQO).
Greedy () is the translation of = produced with greedy
search and the model 7. DPO refers to Direct Prefer-
ence Optimization — for full implementation details see
Rafailov et al. (2023).

more reliable measures of general model quality,
and allow us to check for reward hacking, i.e.
over-optimization for the CometKiwi22 model at
the cost of performance.

Results are reported in Table 1 and Figure 2. We
find that DPO task alignment increases all three
neural quality metrics on both datasets for each of
the 30 target languages. BLEU scores increased
for all languages on both datasets, with the excep-
tion of Hindi, which decreased by 0.40 BLEU on
NTREX and 0.4 BLEU on FLORES+ devtest, de-
spite showing improvements on the three neural
metrics, like all other languages.

Significantly, translation quality, as measured by
all four translation quality metrics, improved even
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Figure 2: Changes in BLEURT on FLORES+ devtest
with the NVIDIA Megatron EN-X model, before and
after task alignment with DQO. Languages used in DQO
are bolded.

for target languages unrelated to the languages used
in DPO task alignment. See Appendix A.5 for the
metrics for each individual language.

FLORES+ dev

0.7825 +
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RAFT
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Round

Figure 3: Mean BLEURT-20 on FLORES+ dev at
each round of DQO with the NVIDIA Megatron EN-X
model, using either Direct Quality Optimization (DQO)
or Supervised Fine-Tuning (RAFT) to update the model.

To ablate the use of DPO as the update step
within DQO, we perform a comparative experi-
ment identical to DQO as described in Section 4
and Algorithm 1, but using standard supervised
fine-tuning (SFT) on the preferred translation in-
stead of DPO. Note that this is equivalent to Reward
rAnked Fine-Tuning (RAFT) (Dong et al., 2023).
Figure 3 shows mean performance for all language
pairs through the 5 rounds of DQO. RAFT’s lower
performance is primarily due to catastrophic be-
havior for FR, JA, KO, and ZH. The poor perfor-
mance of RAFT on FR, JA and KO, which were
not used in RAFT training, could potentially be ex-
plained by a failure to generalize from the training
data languages. Regarding ZH, which was one of
the five languages used in training, we suspected
unintentionally reversed labels. However, careful
inspection of the training preference pairs showed
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no issues. See Appendix A.6, Figure 4 for charts
of individual language performance and Figure 5
for mean performance after excluding the above
mentioned outliers. We leave a deeper analysis to
future work.

5.2 Training Data Perplexity

In order to confirm the existence of a task—data mis-
match, we examine DQO’s effect on model perplex-
ity over the training data. As we do not have access
to the training data used for the NVIDIA Mega-
tron English-Many model, we repeat the above
experiment with a proprietary encoder-decoder
model trained on publicly available English-to-
German data using the NVIDIA NeMo frame-
work (Kuchaiev et al., 2019) (See Appendix A.4).
The model architecture is similar to the Megatron
model, and follows the deep encoder, shallow de-
coder recipe from (Kasai et al., 2021), but is larger,
with a model width of 2048, a feed-forward width
of 8192, 21 encoder layers, 2 decoder layers, and a
32k token vocabulary, totaling 1.3B parameters.

We apply DQO to this model as with the Mega-
tron model, however using only English—German
preference pairs. After applying DQO, we see large
improvements in CometKiwi22 and COMET?22 for
a variety of evaluation datasets, confirming that
DQO worked as expected. The arithmetic mean
of perplexity over a random sample of 1 million
segments from the training data increased from
7.219 (baseline model) to 9.435 (DQO), confirm-
ing that the improvements in test data preference
correspond to a reduction in the model’s fit to the
training corpus.

5.3 Discussion

The nearly-universal improvements for both FLO-
RES+ and NTREX in all four automatic translation
quality metrics (Table 1) provide strong evidence
that DQO is a suitable task-alignment algorithm for
the task of producing human-preferred translations.

As shown in Section 5.2, while improving task
performance, DQO increases perplexity over the
training data used during supervised training. This,
combined with the finding that DQO is a suitable
task alignment algorithm, is evidence for the exis-
tence of the task—data mismatch.

Much of this improvement can likely be credited
to general, language-agnostic changes in model be-
havior, even with the restriction to using only 5
of the 30 supported target languages in DQO. If
task alignment of a model with a given target lan-



Source . under the leadership of Deng Xiaoping.

Baseline . tika veiktas Deng Xiaoping vadiba.

DQO . tika veiktas Dena Sjaopina vadiba.

Source . that Carolyn Wilson of the OHA had stolen their security deposits . ..
Baseline . ka OHA Carolyn Wilson bija nozagusi vinu drosibas depozitus ...
DQO . ka OHA darbiniece Karolina Vilsona bija nozagusi vinu drosibas depozitus ...
Source . that it was Louis Jourdain, 16-year old son of ... Floyd Jourdain.
Baseline .. ka tas bija Louis Jourdain, 16 gadus vecs ... Floida Jourdaina d¢ls.
DQO . ka tas bija Luiss DZordéns, 16 gadus vecs ... Floida DZordéna déls.
Source King Sejong was the fourth king of the Joseon Dynasty ...

Baseline  King Sejong bija ceturtais karalis no Joseon dinastijas . ..

DQO Karalis SedZons bija ceturtais DZosona dinastijas karalis . ..

Table 4: Examples of translations into Latvian from the FLORES+ data set before and after DQO. Names are
bolded to highlight the DQO model’s increased ability to consistently transliterate names into Latvian orthography.
Names that are incorrectly transliterated are in italics. Sentences are truncated to avoid dataset leakage.

guage reduces the likelihood of untranslated source
text, for instance, it would not be surprising to see
similar improvements in other target languages.

Similarly, if task alignment for a given target
language led to language-specific improvements
(e.g., in grammar, sentence structure, punctuation,
general fluency, etc.), it seems plausible that trans-
fer learning could lead to improvements in closely
related languages that have similar features.

However, manual inspection of translations be-
fore and after DQO revealed language-specific im-
provements in unrelated languages. In Latvian, for
instance, foreign names are transliterated to match
Latvian orthography and declined for grammatical
case and gender, e.g. Klavinska (2021) report that
George Clooney should be translated as DZordZs
Klunijs. While the baseline model applies correct
transliteration occasionally and inconsistently, the
DQO model almost always produces the correct
transliteration. Several examples are included in
Table 4.

As DQO was only performed on Chinese, Ger-
man, Hindi, Russian or Spanish, none of which
are closely related to Latvian, this behavior cannot
have been learned from scratch during DQO. Al-
though Chinese, Hindi, and Russian also transcribe
foreign names, they use non-Latin scripts.

One possible explanation is that the baseline
model learned to model both transliteration and
non-transliteration, due to the range of translation
quality in its supervised training data, causing in-
consistent behavior at inference time. When DQO
then shifts the output distribution towards certain
human-preferred features, the probability of any
correlated features (e.g., transliteration in Latvian),
also increases.
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5.4 Human Evaluation

To verify the presence of further language-specific
changes for unrelated languages, we performed
a human evaluation using the Multidimensional
Quality Metrics framework (MQM) with profes-
sional translators (Lommel et al., 2014; Freitag
etal., 2021). The translators were trained on MQM
and Anthea*, the open-source tool we used for per-
forming MQM. We follow Freitag et al. (2021)
in weighting major non-translations at 25 MQM
points, other major errors at 5, and all minor errors
at 1, except minor punctuation errors, which are
0.1 points.

For analysis, we selected two target languages
not closely related to the languages used for task
alignment: Lithuanian and Japanese.

These were selected to provide one low-to-
medium resource language written in the Latin
script and one in a non-Latin script, because neither
is an outlier in quality metric improvement com-
pared to the other supported language pairs, and to
avoid the bias of examining Latvian, which we had
already manually inspected.

For each language, we sampled complete docu-
ments (each generally two to five sentences forming
a single paragraph) from FLORES+ until we had
100 source segments. The translators then anno-
tated the baseline and task-aligned translations.

We then sorted the MQM error subcategories
into two buckets, language agnostic and language
specific, as seen in Table 7 in Appendix A.1.

We observe reduced error rates in both Japanese
and Lithuanian in both the language-agnostic and
language-specific categories (Table 5). The over-

4https ://github.com/google-research/google-r
esearch/tree/a676d87/anthea


https://github.com/google-research/google-research/tree/a676d87/anthea
https://github.com/google-research/google-research/tree/a676d87/anthea

Severity Language Specific
Language Model NT Major Minor Trivial | Yes No N/A | Weighted MQM |
Ja ) Baseline 0 1.15 0.61 0.06 | 1.28 0.50 0.01 6.256
PANESe  pQo 0 093 063 003|116 040 001 5.223
Lithuanian Baseline | 0.03 0.95 0.89 0.12 | 1.48 0.51 0 6.402
DQO 0.01 0.80 0.77 0.10 | 1.24 0.44 0 5.030

Table 5: Mean number of Multidimensional Quality Metrics (MQM) errors per segment, as annotated by
professional human evaluators, with two different groupings: by severity and by whether the MQM subcategory is
language specific or agnostic. NT stands for non-translation, i.e., a segment that cannot be construed as a translation
of the source. Trivial refers to minor punctuation errors. This covers 100 randomly sampled English segments from
the FLORES+ dataset, translated by the NVIDIA Megatron model before task alignment (baseline) and after task
alignment (DQO). The weighted MQM score follows Freitag et al. (2021).

all weighted MQM score also decreased for both
languages, with significant improvements in both
Lithuanian (p,, = .001) and Japanese (p, = .012),
where p,,-values are conservative estimates of the
true p-values computed using paired one-sided
approximate randomization (Phipson and Smyth,
2010) with the Marot toolkit.’

5.5 DQO for Large Language Models

To compare DQO’s performance against the strong
baseline of other state-of-the-art DPO variants on
a large language model trained specifically for
translation, we apply it to the Alma-13B-LoRA
model, a LLaMA-2-13B model with continued pre-
training on Chinese, Czech, English, German, Ice-
landic, and Russian monolingual data and LoRA
fine-tuning on high quality translation data (Xu
et al., 2024a; Hu et al., 2022).

The highest performing human preference align-
ment method previously reported for this model
is Contrastive Preference Optimization (CPO), a
variant of DPO applied to the Alma-13B-LoRA
model to create Alma-13B-R (Xu et al., 2024b). To
ensure a direct comparison of optimization meth-
ods, we adopt the same data conditions and pa-
rameter masks as that prior work: restricting our
seed dataset to the training data used for Alma-
13B-R (the combined FLORES+ dev and devtest
splits), fine-tuning only the LoRA adapters of the
model, and evaluating translation out of English on
the WMT’21 (for Icelandic) and WMT’22 (for the
other languages) datasets.

Due to the restricted seed dataset used in this
experiment, source segments are reused between
rounds. As in previous experiments, we sample
8000 source segments, sample 64 translations per

5https ://github.com/google-research/google-r
esearch/tree/a676d87/marot/README . md
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segment (as well as the greedy translation), and use
CometKiwi22 as a proxy for human preferences.
Other hyperparameters were adjusted based on a
manual hyperparameter search to accommodate the
differing training and sampling dynamics of LoRA
training with an LLM (see Appendix A.3 for all
hyperparameters).

Table 6 shows the results. The translations for
ALMA-13-LoRA and ALMA-13B-R are gener-
ated with greedy inference on the publicly avail-
able model parameters®. This experiment indicates
that DQO maintains a substantially higher BLEU
score than CPO while providing similar improve-
ments in BLEURT, COMET?22, and CometKiwi22.
Unlike our encoder-decoder experiments, source
segments were reused between rounds to achieve
a fair comparison with CPO. We would expect a
higher performance with a larger pool of source
data, but leave confirmation of this assumption to
future work.

6 Related Work

The idea of task—data mismatch in NMT is not new.
There has been extensive previous work focused on
reducing this mismatch through data filtering, using
surface-level heuristics (Koehn et al., 2007), statis-
tical and neural models for alignment and quality
evaluation (Sdnchez-Cartagena et al., 2018; Hef-
fernan et al., 2022; Peter et al., 2023), language
identification (Lui and Baldwin, 2011; Joulin et al.,
2016), or ensembles (Koehn et al., 2020).

While data filtering techniques do help reduce
the task—data mismatch, they force a trade-off
between increasing task alignment and retaining
flawed, but potentially useful, training data. To

https://huggingface.co/haoranxu/ALMA-13B-Pre
train-LoRA, https://huggingface.co/haoranxu/ALMA
-13B-R
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English — Czech

English — German

Model BLEURT COMET22 CometKiwi22 BLEU BLEURT COMET22 CometKiwi22 BLEU
ALMA-13B-LoRA 79.62 88.94 83.31 29.33 75.06 85.14 82.19 29.65
+DQO 80.58 89.69 84.46 27.72 76.03 85.95 83.10 29.72
+ CPO (ALMA-13B-R) 80.90 89.73 84.38 24.29 76.79 86.24 82.96 26.72
English — Icelandic English — Russian
Model BLEURT COMET22 CometKiwi22 BLEU BLEURT COMET22 CometKiwi22 BLEU
ALMA-13B-LoRA 71.64 85.32 80.84 25.06 74.25 86.90 82.55 27.48
+DQO 72.00 85.57 81.72 25.09 75.40 87.71 83.68 26.68
+ CPO (ALMA-13B-R) 71.71 86.25 81.20 21.03 75.74 88.05 83.63 23.12
English — Chinese (simpl.) Average
Model BLEURT COMET22 CometKiwi22 BLEU BLEURT COMET22 CometKiwi22 BLEU
ALMA-13B-LoRA 69.79 85.54 80.56 37.80 74.07 86.37 81.89 29.86
+DQO 70.60 86.37 81.84 35.58 74.92 87.06 82.96 28.96
+ CPO (ALMA-13B-R) 70.60 86.35 81.79 32.15 75.15 87.32 82.79 25.46

Table 6: Evaluation of DQO and CPO (Xu et al., 2024b) on the ALMA-13B-LoRA model. Scores are reported
on the WMT’21 (Icelandic) and WMT 22 (remaining languages) test sets. The hyperparameters are specified in

Appendix A.3.

counter this, curriculum learning can be used, by
training first on a conservatively filtered dataset,
then shifting to a cleaner subset of the data (Bogoy-
chev et al., 2023).

However, no amount of data filtering can remove
the effects of translationese, as it is present in all
translations. Riley et al. (2020) and Freitag et al.
(2022b) both address this by treating original and
translated text as separate languages in a "multilin-
gual" NMT model, by training either a classifier
or a contrastive language model to tag each source
and target segment as either original or translated.
At inference time, they use their model in a zero-
shot setting to translate from original source text
into the distribution of original target text.

Similarly, Tomani et al. (2024) label each source
sentence with a binned QE score. By adding the
label of the highest quality bin to a source sentence
at inference time, they successfully bias the model
towards high quality translations.

Ramos et al. (2024) apply RLHF (Ziegler et al.,
2020) to NMT using various QE metrics as reward,
and compare it to data filtering, re-ranking using
a QE model, and Minimum Bayes Risk decoding
(MBR) (Kumar and Byrne, 2004; Freitag et al.,
2022a), finding that a combination of data filtering,
RLHF, and re-ranking performs best.

In DPO MBR fine-tuning, MBR is used to gener-
ate preference pairs for use with DPO (Yang et al.,
2024). Compared to DQO, this method is computa-
tionally more expensive, and requires a reference-
based QE model. In addition, DQQO’s online nature
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ensures that preference pairs remain relevant to the
policy model.

Xu et al. (2024c) apply RLHF with a reward
model trained to distinguish high quality references
(from literary translations) and translations sam-
pled from their model. Similar to us, they find
evidence of cross-lingual transfer learning during
preference learning. Specifically, when optimized
only on EN-ZH, their model improved for EN to
FR, ES, RU, and AR. When training only on EN—
AR, however, they saw improvements in only half
of the target languages.

Reward rAnked Fine-Tuning (RAFT) is the
method most similar to DQO, but uses SFT to up-
date the model towards a single preferred output
rather than using DPO with a preferred/rejected
output pair (Dong et al., 2023). As it was not
evaluated for the translation task, used an inde-
pendently trained reward model, and had slight
differences in sampling parameters, we ran an ab-
lation on whether to use DPO or SFT in DQO (see
Section 4).

7 Conclusion

We demonstrate the existence of a fundamental
task—data mismatch in NMT and introduce Direct
Quality Optimization (DQO), a method of aligning
pretrained models with human preference.

Using DQO on a multilingual NMT model, we
find improvements in automatic quality metrics for
all supported target languages, even those neither



used for DQO, nor related to the languages used
for DQO. A human evaluation confirms that these
improvements reflect increased human preference.

The improvements in translation quality for unre-
lated languages include language specific features
that were not seen during DQO, suggesting that the
baseline model had, but did not use, knowledge of
those features during inference. We suggest that
this is the expected behavior of a model trained
with supervised learning, and present DQO as an
efficient method of aligning a translation model
with human preference.

In an experiment on ALMA-13B-LoRA we con-
firm that DQO is applicable to decoder-only LLMs.

8 Limitations

This work only tests one quality evaluation model
as a proxy for human preferences, CometKiwi22,
and does not examine the impact of that proxy’s
quality. We focused primarily on a single transla-
tion model, the NVIDIA Megatron English-Many
model, using a 1.3B paramter English-German
model only for the perplexity experiments (as we
had access to the training data), and ALMA-13B-
LoRA to verify applicability on decoder-only mod-
els. Human evaluation of translation quality was
only performed on two language pairs. For all
others, we relied on automatic quality evaluation
metrics such as BLEURT, COMET22 and BLEU,
which may not fully capture true human prefer-
ence.
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A Appendix

A.1 MQM Error Subcategories by Generality

Language-agnostic Language-specific Other
Accuracy/Creative Reinterpretation  Fluency/Grammar Other
Accuracy/Mistranslation Fluency/Register Source issue
Accuracy/Source language fragment  Fluency/Spelling

Accuracy/Addition Fluency/Punctuation

Accuracy/Omission Fluency/Character encoding

Fluency/Inconsistency
Terminology/Inconsistent
Non-translation

Style/Unnatural or awkward
Style/Bad sentence structure
Terminology/Inappropriate for context
Locale convention/Address format
Locale convention/Date format
Locale convention/Currency format
Locale convention/Telephone format
Locale convention/Time format
Locale convention/Name format

Table 7: Multidimensional Quality Metrics error subcategories by generality. Language-agnostic errors are
those governed by a principle that can be generalized to all language pairs, e.g., that translations should not omit
information. Language-specific errors are those that require additional, language-specific information to generalize
from one language pair to another, e.g., correcting improper sentence structure requires knowledge of correct vs.

incorrect sentence structures for a given language. Other errors cannot be assigned to either category.

A.2 Hyperparameters Used in Experiments on NVIDIA Megatron

Hyperparameter Definition Value
TQE Human preference proxy model CometKiwi2?2
n Number of rounds )
m Epochs per round 8
d Epoch size (source sentences) 8000
a Learning rate 1x1076
B DPO regularization factor 0.5
k Sampled translations per source 64
K Top-K sampling parameter 40
P Top-P sampling parameter 0.8
€ Preference margin 0.005
- Batch size 8096
- Learning rate schedule Linear with warmup
- Learning rate warmup steps 150
- Gradient clipping threshold (norm) 10

Table 8: A list of all hyperparameters used for Direct Quality Optimization in this paper’s experiments.
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A.3 Hyperparameters for experiments on ALMA-13B-LoRA

Table 9: A list of all hyperparameters used for Direct Quality Optimization in the experiments on ALMA-13B-
LoRA. See https://github.com/1ilt/dgo/blob/main/configs/alma-13b-1lora-comparison-with-cpo-4

Hyperparameter Definition Value
TQE Human preference proxy model CometKiwi22
n Number of rounds 9
m Epochs per round 4
d Epoch size (source sentences) 8000
a Learning rate 5x107°
I3 DPO regularization factor 0.5
k Sampled translations per source 64
K Top-K sampling parameter 00
P Top-P sampling parameter 1.0
€ Preference margin 0.005
- Batch size 8096
- Learning rate schedule Linear with warmup
- Learning rate warmup steps 150
- Gradient clipping threshold (norm) 10

.yaml

A4 Composition of the DQO Seed Dataset

As described in Figure 1, Direct Quality Optimization requires a seed dataset containing input samples
in the source language. This dataset does not need to include references, as the policy model 7y is used
to produce a diverse set of hypotheses, which are then scored under a QE model and transformed into

preference pairs.

For our experiments, we used a general and varied seed dataset consisting of the English side of the
following publicly available English—-German datasets provided by the OPUS project (Tiedemann, 2012):

* bible-uedin (Christodouloupoulos and Steedman, 2015)

* CCAligned (El-Kishky et al., 2020)

¢ CCMatrix (Schwenk et al., 2021b; Fan et al., 2021)

7https://ec.europa.eu/jrc/en/language-technologies/dgt-translation-memory.TheEurOpeanCommission
retains ownership of the data.

8https ://www.elrc-share.eu

9https://elrc—share.eu/repository/browse/english—french—parallel-corpus-from-cordis-project-news/
€4597da00ae511e9b7d400155d026706c248250ecee54d19bef388d2a42e6d93/

10h’ctps ://elrc-share.eu/repository/browse/german-english-parallel-corpus-from-cordis-project-resul

DGT v2019’

EBC

ELRA-W01438

ELRA-W0201

ELRC-CORDIS_News’

ELRC-CORDIS_Results'?

ts-in-brief/e70e0b920ae511e9b7d400155d026706b079d7cd7f984a98ab96380f6215358/
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« ELRC-EMEA!!

» ELRC-EU_publications'?

« ELRC-EUR_LEX"

o ELRC-Information_Portal'4
. ELRC—presscorner_covid15
« EMEA

* EUBookshop

* EUConst

* EuroPat!®

* Global Voices

* GNOME

* JRC-Acquis v3.0 (Steinberger et al., 2006)'”
* KDE4

* LinguaTools-WikiTitles

e MultiUN (Eisele and Chen, 2010)

* News-Commentary (Kocmi et al., 2023)

* OpenSubtitles (Lison and Tiedemann, 2016)
¢ ParaCrawl (Bafion et al., 2020)

* PHP

* Tatoeba

* Tilde EESC (Rozis and Skadins, 2017)

» TildeMODEL (Rozis and Skadins, 2017)

* WikiMatrix (Schwenk et al., 2021a)

« wikimedia'8

11h'ctps://elrc—share.eu/repository/browse/bilingual—corpus—made—out—of—pdf—documents—from—'che—eur
opean-medicines-agency-emea-httpswwwemaeuropaeu-february-2020-en-de/d6ce198a862611ea913100155d026706
4011b731322946a6b897cf495fb6f023/. This dataset has been generated out of public content available through European
Medicines Agency: https://www.ema.europa.eu/, in February 2020.

12This dataset was generated from public content available through the Publications Office of the European Union (OP Portal),
https://op.europa.eu/en/home

13https://elrc—share.eu/repository/browse/covid—1 9-eur-lex-dataset-ilingual-en-mt/cf57fe82c5af1l1ea
913100155d026706b5596d3f449a4561983bbb4e23de81a4/

14https://elrc—share.eu/repository/browse/information—portal—of—the—czech—president—and—czech—cas
tle/2c11868e088b11e6b68800155d020502c402eaf049834dadbbb019049e42098¢c/

15https://elrc—shar‘e.eu/r'epository/browse/covid—1 9-eu-presscorner-vi-dataset-bilingual-en-de/67c1
519c969311ea913100155d0267063¢c11069dcb104114901b3160c9f7618c/

https://europat.net/

17h‘ctps://joint—research—cen‘cre.ec.europa.eu/language—technology—resources/jr”c—acquis_en. The
European Commission retains ownership of the data.

Bhttps://dumps.wikimedia.org/other/contenttranslation/
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https://europat.net/
https://joint-research-centre.ec.europa.eu/language-technology-resources/jrc-acquis_en
https://dumps.wikimedia.org/other/contenttranslation/

» Wikipedia (Wotk and Marasek, 2014)

* Wikititles (Kocmi et al., 2023)

* XLEnt (El-Kishky et al., 2021)

As well as the following publicly available datasets which were not obtained through OPUS:
e ELITR ECA (Williams and Haddow, 2021)

* Europarl (Koehn, 2005)

* Tilde EMA (Rozis and Skadins, 2017)

* Tilde RAPID 2019 (Rozis and Skadins, 2017)

* WIPO COPPA (Junczys-Dowmunt et al., 2016)

e WMT13 CommonCrawl (Smith et al., 2013)

These datasets were also used to train the model used in Section 5.2.
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A.5 Results by Target Language

Model Lan FLORES+ devtest NTREX

& BLEURT COMET22 CometKiwi22 BLEU BLEURT COMET22 CometKiwi22 BLEU
Baseline bg 0.8400 0.8974 0.8524 41.80 0.7713 0.8520 0.8242 32.00
DQO bg 0.8526 0.9067 0.8614 42.70 0.7865 0.8638 0.8341 32.40
Baseline cs 0.7758 0.8826 0.8327 32.60 0.7282 0.8509 0.8065 30.10
DQO cs 0.7978 0.9002 0.8504 34.00 0.7506 0.8696 0.8255 30.70
Baseline da 0.7744 0.8942 0.8396 46.40 0.7136 0.8541 0.8145 37.40
DQO da 0.7948 0.9091 0.8565 48.60 0.7355 0.8721 0.8341 39.30
Baseline de 0.7417 0.8535 0.8222 38.80 0.6793 0.8100 0.7950 30.80
DQO de 0.7561 0.8682 0.8338 39.30 0.7041 0.8315 0.8117 31.80
Baseline el 0.6738 0.8641 0.8032 25.90 0.6477 0.8494 0.7876 30.60
DQO el 0.6793 0.8699 0.8044 26.60 0.6567 0.8585 0.7892 31.60
Baseline es 0.7467 0.8567 0.8569 27.50 0.7304 0.8474 0.8330 40.50
DQO es 0.7594 0.8656 0.8662 28.80 0.7421 0.8547 0.8425 41.00
Baseline et 0.7779 0.8792 0.8421 27.10 0.7279 0.8451 0.8155 24.20
DQO et 0.8114 0.9041 0.8647 28.90 0.7603 0.8690 0.8399 25.00
Baseline fi 0.7959 0.8899 0.8471 24.40 0.7393 0.8550 0.8247 18.70
DQO fi 0.8264 0.9105 0.8640 26.00 0.7640 0.8736 0.8421 19.60
Baseline fr 0.7400 0.8638 0.8486 49.40 0.6525 0.8221 0.8289 36.10
DQO fr 0.7529 0.8713 0.8544 50.70 0.6632 0.8305 0.8344 37.00
Baseline hi 0.6825 0.7645 0.8040 32.90 0.6313 0.7227 0.7735 25.50
DQO hi 0.6991 0.7862 0.8217 32.50 0.6511 0.7459 0.7972 25.10
Baseline hr 0.8190 0.8942 0.8624 31.10 0.7707 0.8644 0.8326 31.80
DQO hr 0.8318 0.9032 0.8695 32.10 0.7847 0.8770 0.8445 32.50
Baseline hu 0.8378 0.8645 0.8354 26.90 0.7616 0.8141 0.8118 17.40
DQO hu 0.8554 0.8800 0.8488 27.10 0.7793 0.8294 0.8268 18.00
Baseline id 0.8030 0.9092 0.8414 47.50 0.7648 0.8823 0.8111 40.50
DQO id 0.8158 0.9172 0.8516 49.30 0.7784 0.8917 0.8251 41.10
Baseline it 0.7699 0.8725 0.8590 30.60 0.7280 0.8455 0.8279 36.70
DQO it 0.7860 0.8821 0.8676 31.40 0.7467 0.8613 0.8434 37.50
Baseline ja 0.6832 0.8918 0.8545 32.60 0.6042 0.8584 0.8251 26.40
DQO ja 0.6981 0.9019 0.8629 34.10 0.6208 0.8713 0.8395 27.10
Baseline ko 0.6538 0.8689 0.8433 29.40 0.5788 0.8317 0.8085 25.50
DQO ko 0.6734 0.8820 0.8550 30.30 0.5980 0.8481 0.8250 26.50
Baseline 1t 0.8043 0.8742 0.8344 27.30 0.7485 0.8404 0.8057 21.60
DQO 1t 0.8264 0.8910 0.8490 28.80 0.7699 0.8564 0.8181 2230
Baseline v 0.7896 0.8677 0.8253 30.50 0.6997 0.8097 0.7816 20.40
DQO v 0.8201 0.8902 0.8431 32.10 0.7418 0.8424 0.8088 21.70
Baseline nl 0.7425 0.8617 0.8483 27.00 0.7080 0.8384 0.8205 34.20
DQO nl 0.7611 0.8756 0.8601 28.10 0.7262 0.8556 0.8356 35.40
Baseline no 0.7771 0.8899 0.8526 33.80 0.7447 0.8622 0.8267 36.90
DQO no 0.7915 0.8991 0.8646 34.00 0.7644 0.8779 0.8445 38.70
Baseline pl 0.7600 0.8678 0.8206 21.40 0.6992 0.8312 0.7939 25.70
DQO pl 0.7787 0.8818 0.8312 22.80 0.7153 0.8463 0.8058 26.80
Baseline pt 0.7856 0.8941 0.8453 50.80 0.7069 0.8477 0.8236 33.90
DQO pt 0.7952 0.9000 0.8531 51.20 0.7197 0.8574 0.8341 35.00
Baseline ro 0.8026 0.8927 0.8594 40.30 0.7338 0.8441 0.8255 33.30
DQO ro 0.8144 0.9015 0.8645 41.40 0.7474 0.8571 0.8386 34.70
Baseline ru 0.7430 0.8755 0.8329 31.30 0.6706 0.8299 0.8002 31.80
DQO ru 0.7556 0.8842 0.8419 32.00 0.6831 0.8433 0.8104 31.90
Baseline sl 0.7978 0.8679 0.8359 30.00 0.7174 0.8106 0.7877 28.30
DQO sl 0.8252 0.8860 0.8517 31.80 0.7576 0.8410 0.8163 29.60
Baseline sV 0.7945 0.8957 0.8515 45.40 0.7401 0.8581 0.8192 40.90
DQO sV 0.8113 0.9064 0.8650 46.20 0.7632 0.8781 0.8400 42.40
Baseline tr 0.7693 0.8827 0.8441 29.10 0.6802 0.8235 0.8129 17.60
DQO tr 0.7875 0.8953 0.8559 30.10 0.7011 0.8402 0.8287 17.70
Baseline uk 0.7432 0.8728 0.8172 29.80 0.6678 0.8230 0.7838 24.80
DQO uk 0.7603 0.8878 0.8300 30.50 0.6868 0.8423 0.7983 25.80
Baseline vi 0.7157 0.8736 0.8299 42.20 0.6753 0.8442 0.8081 41.30
DQO vi 0.7329 0.8857 0.8429 43.80 0.6917 0.8589 0.8234 42.10
Baseline zh 0.7015 0.8582 0.8199 42.00 0.6267 0.8099 0.7879 34.50
DQO zh 0.7202 0.8752 0.8367 44.10 0.6468 0.8292 0.8067 36.00

Table 10: Automatic quality evaluation metrics for all target languages supported by the NVIDIA Megatron model,
before and after Direct Quality Optimization (DQO), computed on both the FLORES+ devtest and NTREX datasets.
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A.6 Ablation of Update Step:

DPO vs. SFT
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Figure 4: Mean BLEURT-20 per language pair on FLORES+ dev after each round of DQO with the NVIDIA
Megatron EN-X model, using either Direct Preference Optimization (DPO) or Supervised Fine-Tuning (SFT) to
update the model. DQO with SFT is equivalent to Reward rAnked Fine-Tuning (RAFT).
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Figure 5: Mean BLEURT-20 on FLORES+ deyv, excluding outliers after each round of DQO with the NVIDIA
Megatron EN-X model, using either Direct Preference Optimization (DPO) or Supervised Fine-Tuning (SFT) to
update the model. DQO with SFT is equivalent to Reward rAnked Fine-Tuning (RAFT). English to French, Chinese,
Japanese, and Korean were excluded from this chart as outliers. See Figure 3 for the chart including outliers.
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Abstract

Machine Translation (MT) has achieved re-
markable performance in recent times, with
growing interest in speech translation and mul-
timodal approaches. However, despite these
advancements, MT quality assessment remains
largely text-centric, typically relying on human
experts who read and compare texts. Since
many real-world MT applications (e.g., Google
Translate Voice Mode, iFLYTEK Translator)
involve translation being spoken rather than
printed or read, a more natural way to assess
translation quality would be through speech
as opposed text-only evaluations. This study
compares text-only and audio-based evalua-
tions of 10 MT systems from the WMT Gen-
eral MT Shared Task, using crowd-sourced
judgments collected via Amazon Mechanical
Turk. We additionally, performed statistical
significance testing and self-replication exper-
iments to test reliability and consistency of
the proposed audio-based approach. Crowd-
sourced assessments based on audio yield rank-
ings largely consistent with text-only evalua-
tions but, in some cases, identify significant
differences between translation systems. We at-
tribute this to the richer, more natural modality
of speech and propose incorporating speech-
based assessments into future MT evaluation
frameworks.

1 Introduction

Reliable evaluation process is critical in the devel-
opment and refinement of MT systems. MT evalua-
tion (MTE) often relies on both automated and man-
ual measurement techniques. Manual evaluation
is always a preferred choice and provides a deeper
understanding of system quality, while automatic
evaluation metrics (AEMs) often serve as a proxy
for human judgment (Castilho et al., 2018). AEMs
support reusable assessments, system comparison
and rapid MT deployment. However, AEMs face
several issues including their inability to handle
contextual and cultural nuance, the dependency
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on reference translation, and domain-specific chal-
lenges. Therefore, despite being time-consuming
and expensive, human assessment is still a funda-
mental requirement for reliable evaluation.

The annual Conference on Machine Translation
(WMT) is the primary forum for collecting human
judgments to evaluate metrics and participating
systems in its shared translation task each year. In
early evaluation campaigns, 5-point adequacy and
fluency ratings were gathered from participants as
the primary evaluation metric (Koehn and Monz,
2006). Subsequent WMT campaigns adopted a
ranking-based evaluation approach as the official
metric (Vilar et al., 2007), with rankings still col-
lected from participants of the evaluation campaign.
Regarding fluency as a measure of MT output qual-
ity, Graham et al. (2013a) argued that using a 1-100
continuous scale yields better inter-annotator con-
sistency compared to a five-point interval scale.
Supporting this, Bojar et al. (2016) found strong
correlations between adequacy and fluency-based
evaluations. These findings led WMT to replace rel-
ative ranking with adequacy-based Direct Assess-
ment (DA) on a continuous scale as the official met-
ric (Bojar et al., 2017). For into-English translation
tasks, WMT frequently relied on crowd-workers
for its human evaluation campaigns. Crowd-based
evaluations allow for a fast and cheap MT quality
evaluations (Callison-Burch, 2009). When coupled
with quality-controlled annotations, non-expert
crowd assessments show better inter-annotator con-
sistency (Graham et al., 2013a, 2017). However,
Castilho et al. (2017b) found that crowd-workers,
compared to professional translators, were less ca-
pable of detecting subtle MT errors. Studies by
Laubli et al. (2018) and Toral et al. (2018) also
favored the use of professional translators over re-
searchers or crowd-workers due to their ability to
differentiate between human and machine trans-
lations. Consequently, WMT revised its evalua-
tion procedures to prioritize professional transla-
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tors over crowd-workers (Kocmi et al., 2022, 2023).
Despite its limitations, crowd-based assessment re-
mains the most convenient choice for certain tasks,
particularly monolingual DA, which does not re-
quire human raters to have bilingual knowledge
(Graham et al., 2017), making it easier to conduct.
More recently, WMT performed evaluations us-
ing Error Span Annotation (ESA) protocol (Kocmi
et al., 2024), which requires annotators to assign
an overall score to each segment, similar to DA
and classify errors based on severity (e.g. major or
minor).

The human evaluation process has evolved over
time; however, there is still no consensus on the
best approach to evaluating translation quality
(Castilho et al., 2018). Current MT evaluation
metrics primarily considers text, despite the fact
that many real-world MT applications involve spo-
ken rather than written translation. Most impor-
tantly, the recent emergence of pre-trained multi-
modal models (Barrault et al., 2023) has enabled
support for direct speech-to-speech, text-to-speech
and speech-to-text translation, however appropri-
ate methods for evaluation for these systems are
yet limited or borrowed from text-domain (Salesky
et al., 2021; Sperber et al., 2024).

We argue that speech, as a natural and expres-
sive modality, can provide more reliable measures
of MT quality. To support this claim, we propose
incorporating text-to-speech (TTS) technology into
direct MT assessment, allowing for a direct com-
parison between text-only and speech-enabled eval-
uation approaches. Our study collects human judg-
ments for German-English translations from WMT
shared task using crowd-workers hired via Ama-
zon Mechanical Turk. The evaluation consists of
two conditions: (i) a text-only setup, replicating
the conventional method where evaluators compare
written MT output with a reference translation, and
(ii) a text-audio setup, where evaluators listen to the
MT output while reading the reference translation.
We perform self-replication experiments and sta-
tistical significance tests to assess the consistency
and reliability of the proposed method.

A comparative analysis of these evaluation con-
ditions yields two key findings. First, rankings
derived from text-audio evaluations are broadly
similar to the original evaluations but also show
notable differences compared to conventional se-
tups, with the audio-based method demonstrating
a substantially greater ability to detect significant
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Domain #segments Avg. doc length
conversation 462 6.8
ecommerce 501 18.5
news 506 14.5
social 515 15.6

Table 1: Number of segments and average document
length (#segments per document) of German-English
data used in the general translation test sets.

differences between translation systems. We hy-
pothesize that this difference arises because speech
is a natural and rich modality, capable of convey-
ing prosodic and expressive features that text alone
cannot capture. Second, consistent with prior re-
search, our results confirm that crowd-workers tend
to assign lower rankings to human translations
that diverge from the reference, while favoring lit-
eral machine translations (Castilho et al., 2017a;
Fomicheva, 2017). Furthermore, self-replication
experiments reveal a higher positive correlation be-
tween repeated runs of audio-based evaluations,
indicating improved reliability and consistency of
this new approach.

2 Methodology

2.1 Data set

We used MT outputs from WMT 2022 German-
English translation task, comprising around 20,000
translations submitted by 10 participating systems,
with each system contributing approximately 2,000
translations. This original evaluation set is a bilin-
gual corpus drawn from different domains, as
shown in Table 1, with document lengths vary-
ing considerably by domain. To ensure balanced
domain representation while preserving document
order, a subset of documents was randomly sam-
pled from each domain. We use on average 450
segments per system for multimodal! and text-only
experiments.

The WMT evaluation campaign has already pub-
lished results from crowd-based human evalua-
tions of the submitted systems. As WMT now
conducts bilingual (’source-based’) evaluations us-
ing professional translators, we focus on WMT
2022—the most recent workshop to perform mono-
lingual DAs.

'In this study, multimodal is used to refer to text-audio
based setup



2.2 Assessment Design

AMT crowd-sourcing service was used to design
and collect human judgments, with each task con-
sisting of 100 segments. A single segment along
with a reference translation is presented at one time.
Where possible, segments are collected and shown
in document context. In adequacy based assess-
ments, crowd-workers are asked to rate how ade-
quately an MT output expresses the meaning of the
reference translation. The scores are collected on
0-100 visual analog scale (VAS) for each segment.
Additionally, rater quality control mechanism is
implemented to filter out ratings from non-reliable
raters, as outlined by Graham et al. (2017). At
the end of the task, evaluators have the option to
provide feedback on their experience.

The segment-level ratings were used to calculate
system-level rankings. At the end of the evaluation,
we provide two types of segment-level scores, av-
eraged across one or more raters: raw scores and
z-scores, with the latter standardized for each an-
notator. The final score of an MT system is the
mean standardized score of its ratings after filtra-
tion. Multiple judgments are collected per segment,
increasing the number of annotators per transla-
tion enhances the consistency and reliability of the
mean score. Since reference-based assessment re-
quired only knowledge of the English language; the
selection criteria required participants to be native
English speakers.

We compare judgments collected using follow-
ing two different setups:

e Text-only: MT output and reference transla-
tions, both are presented as text (Figure 1).

* Multimodal: MT output is presented in audio
(TTS) and reference translation as text (Figure
2).

Overall, we gathered approximately 12,000
crowd-sourced judgments for German-English lan-
guage pair using DA. Compared to ordinal ranking
or relative preference judgments (Callison-Burch,
2009), direct estimation facilitates more robust sta-
tistical analysis, thus making it suitable for crowd-
sourced annotations (Graham et al., 2013a). When
combined with quality control mechanisms, di-
rect assessments have shown effective and rela-
tively consistent human judgments of MT quality
in WMT evaluation campaigns (Specia et al., 2020;
Akhbardeh et al., 2021; Kocmi et al., 2022).
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2.2.1 Text-only setup

We randomly sampled 500 segments per system
(with the addition of quality control segments, the
total could be increased). The selected translations
are then converted into bit-mapped images, in order
to deter workers from using speech feature of Web
Browsers to read-aloud the translations.

In this scenario, the workers are shown the ref-
erence and the MT output as text and asked to rate
MT output by moving the slider (as shown in Fig-
ure 1). For task simplicity, we kept the structure
of assessment similar to existing evaluation setups
(Graham et al., 2017; Kocmi et al., 2022). The
ratings are collected per segment in a sequential
manner, adhering to the document order where fea-
sible. However, longer documents may need to
be divided into smaller units to comply with the
limit of 100 segments per task. The setup restricts
assessors from revisiting and modifying ratings of
previous segments to ensure integrity of quality
control measures.

2.2.2 Multimodal setup

For comparison, the same segments sampled for
the text-only scenario were considered in this exper-
iment. However, this setup utilises TTS technology
to present the MT output in an audio-equivalent
form. To make the task less cognitively taxing, we
present only the MT system’s output in audio form.
For this, we used the Google Cloud Text-to-Speech
(TTS) Service (GCS)? to generate audio represen-
tations of MT outputs. The service was employed
with its default human-like voice settings, which
are noted for their high quality and clarity. GCS is
well-suited for long-form content® due to its close
approximation of human speech and its ability to
provide an enhanced listening experience (Cambre
et al., 2020).

2.2.3 HITs

Both multimodal and text only assessments are
carried out separately. Each task, referred to as
“HITs” (Human Intelligence Task) contains 100
translations in total for each setup. In addition
to system output, a set of quality control seg-
ments was added, keeping the total size of HIT
to 100. The quality control segments consists of ex-
act repeats (ask_again) and degraded translations

2ht’cps: //cloud. google.com/text-to-speech

3For multimodal experiments, in total a human assessor
may have to listen up-to 20 minutes of machine translation

outputs, therefore along with accuracy of TTS, a pleasant
listening experience is important.


https://cloud.google.com/text-to-speech

Read the text below, and rate it by how much you agree that:

The black text adequately expresses the meaning of grey text

The magnifying glasses are often identified with magnification details

Magnifying glasses are often marked with magnification information.

Strongly
Disagree

Strongly
Agree

Figure 1: Screenshot of the text-only assessment interface, as presented to an AMT worker. Reference text is
presented in grey while MT output is shown in black text. The slider is initially placed at left most corner; workers

move it to the right in reaction to the question.

Read the text below, listen the audio and rate it by how much you agree that:

The audio adequately express the meaning of written text.

These reflections are significantly reduced by an anti-reflective coating.

» 0:00/0:02

©®

Strongly
Disagree

Strongly
Agree

Figure 2: Screenshot of the multimodal assessment interface, as presented to an AMT worker. Worker can use audio
control to listen translations, the text in presented in the image form. The slider is initially placed at left most corner;

workers move it to the right in reaction to the question.

(bad_reference), duplicated from system outputs.
Thus, each HIT consists of approximately 20%
quality control segments (used to estimate workers’
reliability) and 80% genuine system outputs. To
create bad_reference pairs, we followed the strat-
egy of randomly substituting words in a sentence,
as outlined in Graham et al. (2013b). For the mul-
timodal setup, the quality control segments were
first prepared using the same strategy in text form
and then converted into audio using the TTS APIL.

Judgments from crowd workers with limited
or no knowledge of the assigned task pose a sig-
nificant risk of inconsistency and discrepancies
in the results. Expert-based MT quality assess-
ment is the preferred approach; however, it in-
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curs high economic and time costs, making crowd-
sourcing a viable alternative. Consequently, assess-
ing worker reliability becomes critically important
in crowd-sourced evaluations. Quality control seg-
ments within HIT allow for reliability estimates
based on workers distribution of scores assigned
to bad_reference and ask_again items. These esti-
mates are based on following two assumptions:

1. The consistent assessor will assign signifi-
cantly higher score to the system producing
high quality translations compared to a system
producing inferior outputs.

2. The consistent assessor will assign highly sim-
ilar scores in repeated evaluations of the same
translations.



Analysis of assumptions 1 and 2 can provide
a measure of workers’ ability to differentiate be-
tween a good and inferior translation. Assump-
tions 1 and 2, based on the sets of bad_reference
and ask_again translations, posit that a consistent
worker would assign significantly lower scores to
degraded (bad_reference) translations and similar
scores to repeated (ask_again) translations. For
this, we apply the Wilcoxon rank-sum test to com-
pare the score differences between ask_again and
bad_reference translation pairs, with a resulting
p value as an estimate of reliability. The expecta-
tion is that the difference in scores for degraded
translation pairs will be smaller than for repeated
judgments. A lower p-value (p < 0.05) indicates
higher reliability, demonstrating that the worker
can effectively distinguish between high-quality
and degraded translations. As shown in Figure
3, conscientious workers assigned lower scores to
degraded translations compared to the original ref-
erences. Furthermore, for repeated segments, they
exhibited a consistent scoring pattern by assigning

similar scores to identical pairs.

== e

100

80 1

60

40

20

O.

bad_ref reference ask_again system

Figure 3: Score distributions of reliable workers across
different quality control segments: bad_reference,
ask_again, and original system outputs.

Table 2 provides statistics on the number of
workers involved in each assessment type and the
percentage of workers who passed the quality con-
trol threshold. A similar trend was observed across
both assessment types, with nearly 20% of work-
ers meeting the reliability criteria. To determine
whether to accept or reject HITs, the mean score
differences for bad_reference and ask_again pairs
were carefully analyzed, rather than relying solely
on automatic quality control checks.* This is fur-

*In addition to statistical tests, other measures were in
place to detect robotic or low-quality submissions, such as
extremely short completion times, lack of slider movement,
and assigning the same rating to every judgment.
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ther reflected in the difference between the number
of approved workers and those who met the quality
control criteria. Rejected HITs were rescheduled
to obtain fresh judgments.

3 Results

System rankings are calculated for each setup us-
ing filtered judgments—only those that passed the
quality control criteria. Quality control segments
(bad_reference and ask_again) are excluded from
the final system rankings. System rankings are
based on the mean raw and standardized (z) scores.
To compute the standardized score for each sys-
tem, individual scores are first normalized using
each worker’s mean and standard deviation (as per
equation 1). The standardized scores for all seg-
ments corresponding to a system are then averaged
to obtain the system-level score (Graham et al.,
2014). Since HITs are structured so that a single
worker may assess multiple systems, standardis-
ing the scores helps mitigate individual biases and
harmonise outputs across workers.

Table 3 presents the raw and standardized scores
of the participating systems across different exper-
iments, with the last three columns showing the
official results from WMT. Systems are ordered
from best to worst based on their average standard-
ized scores, with the raw score used as a secondary
criterion when standardized scores are identical to
two decimal places.

ey

The text-only results show increased correla-
tion between the raw and standardised score,
with few exceptions such as system LT22 and
JDExploreAcademy, which would have ranked bet-
ter according to raw score. This close correlation
suggests an even distribution of segments from dif-
ferent systems across workers and may also be
attributed to the homogeneous nature of the task
(text-only data). It is important to note that these
rankings may not fully reflect actual system per-
formance or align with the official WMT rankings,
as we used a smaller set of judgments per system
compared to WMT22, with the primary objective
of investigating and comparing audio-based and
text-based evaluations.

In the multimodal scenario, the differences in
system rankings between z scores and raw scores
are more pronounced. Based on the raw scores, a



Workers Translations
modality Total Approved Pass QC Total Approved Pass QC
text only 225 47 42 (18.50%) 23.3k 5.1k 4.6k (19.7%)
multimodal 242 52 48 (19.83%) 26.1k 6.0k 5.3k (20.3%)

Table 2: Numbers of workers and translations, before and after quality control for multimodal and text only

experiments.

different ranking emerges, with Lan-Bridge per-
forming best. This divergence may be caused by
the differing nature of the evaluation setup, par-
ticularly the use of both audio and text for evalua-
tion. The out-of-sequence numbers in order column
(Table 3) highlight differences in system rankings
across different experiments.

A direct comparison of the mean standardized
scores across both tables reveals substantial dif-
ferences in system rankings. For example, in
the text-only evaluation, Online-W outperforms
PROMT based on standardized scores, whereas the
multimodal evaluation ranks PROMT as the top-
performing system. Similarly, Online-G is ranked
sixth, below Online-A, Online-W, and Online-Y
in the text-only setup, but is rated higher than
these systems in the multimodal evaluation. For
most other systems, rankings diverge by one or
two places between setups, with the exception of
Human-B, which consistently ranks as the lowest-
performing system in both evaluations. Ideally,
Human-B (the human reference translation) should
be the top-performing system. However, the re-
sults suggest that crowd-workers struggled to dis-
tinguish between human translations and MT out-
puts. This aligns with prior research suggesting
that crowd-workers tend to favor literal, straightfor-
ward translations, resulting in lower rankings for
human translations that deviate from the reference
(Fomicheva, 2017; Freitag et al., 2021).

3.1 Significance Test Results

Since both approaches yield different system rank-
ings without a clear indication of which better re-
flects actual performance, more robust testing is re-
quired to determine whether the observed ranking
differences are genuine. To address this, we employ
two techniques: statistical significance testing and
self-replication. Significance testing estimates the
likelihood that ranking differences between system
pairs occurred by chance, while self-replication ex-
amines the reproducibility of results to verify their
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reliability and consistency.

The results of significance tests are visualised
as heat maps in Figure 4 for the multimodal and
text-only setups. Specifically, we apply one-sided
Wilcoxon rank-sum test to compare the standard-
ized human assessment score distributions for each
pair of systems.

Tables with head-to-head comparisons between
all systems are included in Appendix A.

The significance matrices are constructed under
the hypothesis that the scores of system X are sig-
nificantly better than those of system Y at a given
confidence level, p. A comparison of the text-only
and multimodal heat maps reveals that the mul-
timodal approach results in a slightly higher pro-
portion of significant differences between systems
with fewer uncertainties. For example, at a confi-
dence level of p < 0.05, the text-only method iden-
tifies relatively few significant differences, whereas
the multimodal method demonstrates more distinct
separations among systems. For example, the mul-
timodal heat map shows that Online-G performs
significantly better than JDExploreAcademy, LT22,
Lan-Bridge, and Online-B, as confirmed by its
higher multimodal average z-score. Similarly, for
Online-A, both the text-only and multimodal eval-
uations lead to similar conclusions.

3.2 Self-replication Results

Figure 5 presents scatter plots comparing initial
and self-replicated judgments from multimodal and
text-only experiments. To assess the consistency
of judgments collected using the multimodal (text
and audio) approach, we conduct two independent
runs and compute the Pearson correlation (1) be-
tween the initial and self-replicated results. In Fig-
ure 5 (a), self-replicated and original multimodal
assessments are plotted on the x-axis and y-axis,
respectively. Figure 5 (b) illustrates the correla-
tion for text-only and multimodal scores, with the
former on the z-axis and the latter on the y-axis.
A high correlation would be indicated by points



text official-text multimodal
System
raw ave. ave. z order | raw ave. ave. z order | raw ave. ave. z order

PROMT 73.05 0.14 3 66.02  -0.127 10 69.63 0.19 1
Online-G 68.81 0.06 6 64.1 -0.057 4 68.76 0.19 2
Online-A 74.06 0.19 2 67.3 -0.070 5 74.61 0.18 3
Online-W 74.16 0.22 1 70.8 -0.023 2 70.74 0.14 4
Online-Y 72.16 0.13 5 66.5 -0.089 7 69.89 0.14 5
Online-B 71.49 0.14 4 66.3 -0.092 8 67.10 0.08 6
JDExploreAcademy | 72.89 0.05 8 68.1 -0.038 3 67.85 0.07 7
LT22 74.36 0.05 7 64.8 -0.126 9 64.52 0.07 8
Lan-Bridge 68.29 0.05 9 68.8 0.004 1 71.24 0.04 9
Human-B 66.94 -0.12 10 68.3 -0.086 6 63.45 -0.16 10

Table 3: Comparison and system rankings based on scores from the text-only and multimodal (text + audio) setup
for the German—English translation direction. Systems are ordered by their average standardized (z) scores. In cases
of a tie in z scores, the average raw (raw ave.) score is used as a secondary ranking criterion.
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Figure 4: Significance test outcomes for text-only and multimodal method of human evaluation. Colored cells
indicate that the scores of the row ¢ system are significantly greater than those of the column j system.

closely aligning with a straight line. While both
approaches show a weak positive correlation, the
multimodal setup exhibits a slightly higher cor-
relation than the text-only setup, suggesting the
potential of audio-based evaluation for providing
reliable MT quality estimates.

3.3 Discussion

The results of significance and correlation tests
suggest that speech can offer consistent and valu-
able insights into MT quality. We hypothesize that
these differences arise because speech is a richer
modality, capable of conveying prosodic and ex-
pressive features (Kraut et al., 1992). As a result,
evaluators listening to translations were better able
to detect major variations and unnatural-sounding
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MT outputs. Furthermore, feedback from evalu-
ators at the end of the assessment indicated no
challenges with audio-based evaluation. For in-
stance, one worker stated that "all the audio sam-
ples were good," while another noted that "the au-
dio is very clear". A general comment read, "the
HIT is very unique, and there were no issues dur-
ing the experiment". These preliminary results,
obtained using non-expert crowd workers, suggest
the effectiveness of speech in MT evaluation. How-
ever, further investigation may be required, and a
more fine-grained approach—such as error anno-
tation—could help better quantify the impact of
audio in MT assessment.



r: 0.226

(b) text-only vs multimodal

Figure 5: Scatter plots illustrating the correlation (r)
between different evaluation approaches. (a) shows
the correlation between two runs of the multimodal
approach, while (b) compares the results of the text-
only and multimodal approaches.

4 Conclusion

We have presented our findings on integrating
speech into human evaluation of MT quality. Our
experiments with crowd workers compared MT sys-
tem rankings from text-only and speech-enabled
evaluation setups.

Despite using basic TTS tools and crowd work-
ers, our study extends MT evaluation beyond tra-
ditional text-based assessments, highlighting the
potential of audio-based evaluation to provide dis-
tinct insights into MT evaluation. As MT research
increasingly embraces multimodal translation, our
findings provide empirical evidence that text-only
evaluation may be insufficient. Beyond MT, this
approach could benefit fields such as automatic
dubbing, Al-assisted interpreting, and multilingual
speech interfaces. Overall, our study emphasizes
the need for more holistic evaluation benchmarks
that better reflect the complexity of real-world lan-
guage use.
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Our code’ and collected human annotation data
are freely available.

5 Limitations

We performed a general adequacy-based MT eval-
uation using crowd-workers on a limited dataset.
Since the primary goal was to test whether audio-
based judgments make a difference, we employed
a simplified assessment approach and focused only
on the German-English language pair. We acknowl-
edge that even expert-based human judgments can
be noisy, potentially leading to low inter-annotator
agreement (IAA) if not carefully conducted. Nev-
ertheless, we collected a large sample of anno-
tations from crowd-workers to compare the two
approaches. With intrinsic quality control mea-
sures, crowd-sourced annotations have been shown
to achieve higher IAA (Graham et al., 2017). How-
ever, due to limited time and platform constraints,
manual filtering of noisy annotations was not feasi-
ble, making it difficult to eliminate all low-quality
responses. Furthermore, we did not calculate inter-
annotator or intra-annotator agreement, as these as-
pects have already been extensively studied in the
context of crowd-sourced direct assessment (Gra-
ham et al., 2013a, 2017).

Regarding the TTS model, we relied on a sin-
gle vendor and did not conduct comparisons across
different voices, speech rates, or providers. This
restricts the generalizability of our findings, as re-
sults may vary with alternative TTS configurations.
Nonetheless, we selected the model judged to have
the most human-like voice based on a review of the
vendor’s technical documentation.

As MT quality evaluation has increasingly
moved toward ESA-style (Kocmi et al., 2024) anno-
tations (at least in WMT), audio-based evaluation
could be integrated into such platforms to identify
error spans by listening to translations and assign-
ing final scores. However, accurately segmenting
the audio for this purpose would pose a significant
challenge.

6 Ethical Considerations

The human annotations collected via Amazon Me-
chanical Turk were fully anonymous. Anonymous
users with MTurk accounts (meeting the defined
criteria) submitted the tasks using numeric worker
IDs. Although no personal identity information

Shttps://github.com/sami-haq99/Multimodal _
Direct_Assessment
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was revealed, we removed the worker IDs after pay-
ments were processed. Since the crowd-workers
only needed to be native speakers and were not
required to be expert translators, they were com-
pensated according to the platform’s minimum task
rate.

In cases where crowd-workers did not meet the
quality control criteria—such as submitting robotic
responses or completing tasks in an unrealistically
short time—we rejected their submissions and did
not provide payment.
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A Head to Head Significance test Results

The following tables (4—6) show differences in average standardized human scores for a system in that
column and the system in that row for the German—English language pair. We applied the Wilcoxon
rank-sum test to measure the likelihood that such differences could occur simply by chance for text-only,
text-audio and WTM22 official® experiments. In the following tables, * indicates statistical significance
at p < 0.05, ** indicates statistical significance at p < 0.01, and *** indicates statistical significance at
p < 0.001, according to the Wilcoxon rank-sum test.

Each table contains a final column showing the total number of judgments used to calculate the results.
The number for the official results is much greater than in our experiments; therefore, a direct comparison
should only be made between the text-only and multimodal scores.
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HUMAN - -0.19  -020 -0.20 -031 -028 -0.19 -0.38 -0.27 -0.31 | 371
JDExploreAcademy | 0.19%%* - -0.01 -0.01 -0.13 -0.09 0 -0.19 -0.08 -0.12 | 385
LT22 | 0.20%**  0.01 - 0 -0.12 -0.08 0.01 -0.18 -0.07 -0.11 | 475
Lan-Bridge | 0.20%* 0.01 0 - -0.12 -0.09 0.01 -0.18 -0.07 -0.11 | 399
Online-A | 0.31%** 0.13%* (0.12* 0.12*% - 0.03  0.13*%* -0.07 0.04 0.01 | 451
Online-B | 0.28*%**  0.09  0.08  0.09 -0.03 - 0.09 -0.10 0.01 -0.02 | 427
Online-G | 0.19%* 0 -0.01  -0.01 -0.13 -0.09 - -0.19 -0.08 -0.12 | 385
Online-W | 0.38*** (0.19%* (0.18* 0.18** 0.07 0.10% 0.19%%* - 0.11* 0.08 | 433
Online-Y | 0.27*%#*  0.08  0.07 0.07 -0.04 -0.01 0.08 -0.11 - -0.03 | 417
PROMT | 0.31*%** 0.12*  0.11 0.11  -0.01 0.02 0.12** -0.08 0.03 - 349

Table 4: Head to Head comparison matrix of text-only judgments with significance levels and number of judgments.

SFor official results, we used the human evaluation data provided by WMT22 organisers at: https://github.com/
wmt-conference/wmt22-news-systems/tree/main/humaneval/DA.
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Online-A | 0.36%** 0.12* 0.10%*  0.15%* - 0.12* -0.03 0.02 0.04 0 435
Online-B | 0.24%*%* 0 -0.02 0.04 -0.12 - -0.14  -0.09 -0.07 -0.11 | 499
Online-G | 0.39*** 0.15* 0.13* 0.18*%** 0.03 0.14* - 0.05 0.07 0.03 | 487
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Table 5: Head-to-head comparison matrix of multimodal annotations with significance levels

and number of

judgments.
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HUMAN-B | - 004 005 -007 -001 001 -002 -005 003 007 | 2100
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Table 6: Head-to-head comparison matrix of WMT22 official rankings with significance levels and number of

judgments.
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Abstract

We present a comprehensive study on mean-
ingfully evaluating sign language utterances in
the form of human skeletal poses. The study
covers keypoint distance-based, embedding-
based, and back-translation-based metrics.
We show tradeoffs between different met-
rics in different scenarios through (1) auto-
matic meta-evaluation of sign-level retrieval,
and (2) a human correlation study of text-
to-pose translation across different sign lan-
guages. Our findings, along with the open-
source pose-evaluation toolkit, provide a
practical and reproducible approach for devel-
oping and evaluating sign language translation
or generation systems.

1 Introduction

Automatic evaluation metrics are essential for as-
sessing the quality of automatically generated lan-
guage content and tracking progress over time. For
instance, machine translation (MT) studies rely
heavily on BLEU (Papineni et al., 2002), even
though newer metrics have shown stronger corre-
lation with human judgment (Freitag et al., 2022).
This trend continues in sign language processing
(SLP; Bragg et al. (2019); Yin et al. (2021)), an
interdisciplinary subfield of natural language pro-
cessing and computer vision. Sign language trans-
lation (SLT; Miiller et al. (2022, 2023a); De Coster
et al. (2023)), denoting the part of SLP concerned
with translating sign language videos into spoken
language text, reuses text-based metrics.

Miiller et al. (2023b) puts forward concrete sug-
gestions on evaluating generated text (especially
glosses) in a sign language context. They suggest
always computing metrics with standardized tools
(e.g., SacreBLEU (Post, 2018) for BLEU) and
reporting the metric signatures for reproducibil-
ity and fair comparison with other work. The

"Equally contributed as co-second authors.
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Figure 1: Pose-based evaluation taxonomy overview.
We compare a reference and a hypothesis pose se-
quence by one of the following three ways: (a) comput-
ing distance-based metrics directly on the keypoint se-
quences, optionally aligned by dynamic time wrapping
(DTW); (b) encoding each sequence into a shared em-
bedding space and measuring similarity; and (c) back-
translating the hypothesis poses into text to apply con-
ventional machine translation metrics on text.

opposite direction—generating or translating into
sign language utterances (usually from source
text)—presents additional challenges for evalua-
tion. Namely, standardized metrics, tooling, and
correlation with human evaluation are lacking.

In this work, we systematically examine the met-
rics employed for evaluating sign language out-
put, especially formatted as human skeletal poses
(Zheng et al., 2023) that contain motion of signing
(e.g., MediaPipe Holistic; Lugaresi et al. (2019);
Grishchenko and Bazarevsky (2020)). We start by a
literature review of current research practices in §2,
and summarize two major families of metrics: (a)
distance-based metrics (§3.1) informed by human
motion generation (§2.3) and sign language assess-
ment (SLA; §2.4), assuming the access to reference
poses and then computing the distance from the pre-
dicted poses to the reference poses, either in the
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raw 2D/3D keypoint space or an embedding space;
(b) back-translation-based metrics (§3.3) borrowed
from MT (Zhuo et al., 2023) and speech translation
(Zhang et al., 2023), assuming the pre-existence of
a pose-to-text translation model.

After the initial conceptual review, we select, im-
plement, and meta-evaluate typical metrics along
with additional innovative ones proposed by us (as
summarised in Figure 1), through two empirical
approaches: automatic meta-evaluation with a sign-
level retrieval task (§4); and a sentence-level corre-
lation study between metrics of interest versus deaf
evaluator ratings on three text-to-pose MT systems
in three spoken-sign language pairs (§5).

We find that keypoint distance-based metrics,
when carefully tuned, can rival more advanced ap-
proaches for sign retrieval and human-judgment
correlation. On the other hand, embedding-based
metrics, including those borrowed from SLA, excel
in their own domain but struggle at the sentence
level across different systems. Back-translation
likelihood emerges as the most consistent metric,
highlighting the need for open, standardized pose-
to-text models alongside human evaluation.

The source code of the suggested evaluation met-
rics and the proposed meta-evaluation protocols in
§4 are openly maintained in pose-evaluation, a
public GitHub repository. The human correlation
data and evaluation scripts in §5 are also released
in a separate text2pose-human-eval repository
to encourage future research.

2 Related Work

We discuss four related fields in this section with
a special emphasis on the evaluation methodology,
and outline recent work in sign language genera-
tion (SLG; §2.2) in Table 1. The remaining three
fields provide additional background relevant to
evaluating these SLG systems.

2.1 Sign Language Understanding

Sign language recognition (Adaloglou et al., 2021)
and translation (De Coster et al., 2023) are the
two most prevalent tasks of understanding sign
language from video recordings. The former aims
to classify signing into a fixed vocabulary of signs
in a particular sign language, either from isolated
video clips of single signs (isolated sign language
recognition, ISLR) or continuous video footage
spanning multiple signs (continuous sign language
recognition, CSLR). Given its classification nature,
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the evaluation efficiently utilizes classic statistical
metrics, such as accuracy, F score, and word error
rate.

Early SLT attempts rely on glosses (Moryossef
et al., 2021b; Miiller et al., 2023b), produced man-
ually by humans or a CSLR model. Camgoz et al.
(2018, 2020) starts end-to-end neural SLT and
leads a wave of gloss-free SLT work (Zhou et al.,
2023; Zhang et al., 2024a), where evaluation is
typically done with BLEU and BLEURT (Sellam
et al., 2020) but not possible with source-based met-
rics like COMET and quality estimation models
like COMET-QE (Chimoto and Bassett, 2022) due
to the input modality constraint on sign language.
WMT-SLT campaigns for two consecutive years
(Miiller et al., 2022, 2023a) carry out a rigorous
human evaluation process as seen in traditional MT
research. Yet the correlation between automatic
evaluation metrics and human judgments in SLT
has not been reported; quantifying this correlation
would yield valuable insights.

2.2 Sign Language Generation

The landscape of SLG is more complicated than
SLT, with various inputs, namely, (a) spoken lan-
guage fext; (b) sign language glosses; (c) iconic
phonetic writing systems of sign language; (d)
textual phonetic descriptions of signing, and vari-
ous outputs, usually, 2D/3D pose; or RGB video
frames'. We note that in the case of (a) fext, the gen-
eration process involves translation from a spoken
language to a sign language with possibly reorder-
ing and rephrasing of words, while starting with
(b), (¢), or (d) merely convert sign language approx-
imated in textual forms into visuals (also known as
sign language production?), possibly with a preced-
ing step in the pipeline that translates from (a) fext
to (b) SignWriting (Jiang et al., 2023), (c) glosses
(Zhu et al., 2023), or (d) descriptions3. Our work
evaluates poses as the primary representation of
sign language motion and semantics, deliberately
excluding RGB videos to avoid confounding fac-
tors such as visual appeal or signer identity. Eval-
uating videos using the same methods is possible
after first estimating them into poses.

'For further details about these representations, please
refer to the explanatory figures on https://research.sign.mt/.

The terms are sometimes used interchangeably and thus
confuse. This work adheres to the broad term of sign lan-
guage generation, which involves generating signing from any
source.

3For example, signing HELLO in ASL: dominant B-hand
at forehead — short outward stroke; friendly/smiling face.
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Work Datasets Sources  Target Model Evaluation Metrics

(PH2, etc.) (T,GH) M0,S) </> 6 D </> B4 </> 6 Other
Arkushin et al. (2023) DGS Corpus, 3 others H (0] v Vv Vv ¥V na na nla
Stoll et al. (2018, 2020) P G (¢] - n/a - - - - - SSIM, PSNR, MSE (pixel-wise)
Moryossef et al. (2023b) Signsuisse G M v nla - - - - -
Zuo et al. (2024b) P,CSL-Daily G S vV na v v v Vv Frame temporal consistency
Saunders et al. (2020b,a, 2021a,b) P T (0] v - v Vv -
Hwang et al. (2021, 2023) PH2 T (0] (4 v v - Fréchet Gesture Distance
Yin et al. (2024) P T S - v v -
Fang et al. (2024a,b) P,H2.4 others T O - v v SSIM, Hand SSIM, FID, etc.
Yu et al. (2024) P,H2.4 others T,G.H S (4 v - FID, Diversity, MM-Dist, etc.
Baltatzis et al. (2024) H2 T N - v v FID
Zuo et al. (2024a) P,H2,CSL-Daily T N (4 v Latency

Table 1: Literature review of recent works on pose-based sign language generation (May 2025).
P=RWTH-PHOENIX-Weather2014T, H2=How2Sign; T=Text, G=Gloss, H=HamNoSys; M=MediaPipe,
O=0penPose, S=SMPL-X; D=DTW-MJE (and other distance-based metrics), B4=BLEU-4 (and other back
translation-based metrics); </> and 6 represent the availability of source code and model weights for the generation
model and the evaluation metrics (including the back translation model if involved), respectively. The check mark
symbols (¢/) are clickable links in these columns, and n/a denotes not-applicable cases, such as model weights for
gloss-based systems and back-translation for HamNoSys input. Other image-based metrics are left as less relevant.

We present prominent pose-based SLG studies As for evaluation, the SLRTP Sign Language
from recent years, along with their evaluation meth-  Production Challenge 2025 summarises the most
ods, in Table 1, grouped by input modalities. Fol-  common evaluation metrics: (a) keypoint distance-
lowing a similar roadmap as SLT, SLG takes off  based, such as DTW-MJE (Dynamic Time Warping
with a gloss-based cascading approach (text-to- - Mean Joint Error); and (b) back-translation-based,
gloss-to-sign; Stoll et al. (2018, 2020)) and then  such as BLEU and BLEURT. Human evaluation
gradually switches to an end-to-end fashion in a  is conducted briefly in Saunders et al. (2021a,b),
series of follow-up work (Saunders et al., 2020b,a,  Baltatzis et al. (2024), and Zuo et al. (2024a) and
2021a,b). Attempts have also been made with al-  more extensively in another concluded campaign—
ternative phonetic inputs such as HamNoSys (Prill-  Quality Evaluation of Sign Language Avatars
witz and Zienert, 1990; Arkushin et al., 2023). Translation (Yuan et al., 2024). Unfortunately, like

Unlike SLT, however, gloss-based baseline ap-  in SLT, the correlation between automatic metrics
proaches for SLG remain competitive and practi-  and human judgments has never been formally val-
cal choices (Moryossef et al., 2023b; Zuo et al., idated. Upon reviewing Table 1, we spot two sig-
2024b) due to accessible sign language dictionary  nificant issues in the current development of SLG:
resources that enable straightforward mapping of ~ (a) Most systems and their evaluations are non-
glosses to sign language pose sequences. Modern ~ reproducible due to the lack of source code and
end-to-end approaches utilise vector quantization, =~ model weights (including the back-translation mod-
diffusion models, and LLMs, and the output pose  els if involved). (b) Cross-work comparisons are
format spans from classic 2D standards such as Me-  unrealistic given the fragmented implementation
diaPipe Holistic and Openpose (Cao et al., 2019)  of the evaluation metrics (in contrast to MT, where
to 3D SMPL-X (Pavlakos et al., 2019). standardized tools like SacreBLEU are available).

Popular datasets used in this line of work in-
clude RWTH-PHOENIX-Weather 2014T, in Ger-
man Sign Language (DGS), introduced by Forster Motion generation from natural language is a re-
et al. (2014); Camgoz et al. (2018); CSL-Daily, lated field where human pose sequences are synthe-
in Chinese Sign Language (CSL), introduced by sized to reflect described actions (Tevet et al., 2022;
Zhou et al. (2021); and How2Sign, in American Zhang et al., 2024b). Evaluation typically involves
Sign Language (ASL), introduced by (Duarte et al., distance-based metrics (e.g., joint or velocity er-
2021). We choose Signsuisse (Miiller et al., 2023a) ror), perceptual similarity (e.g., Fréchet Inception

in this work (§5) for its multilingual nature and ~ Distance adapted to motion), and alignment met-
richer vocabulary than others®. rics, such as R-Precision, to measure text-motion

coherence. However, Voas et al. (2023) shows that
*PHOENIX and CSL-Daily feature 1066 and 2000 signs. ~ many of these automated metrics correlate poorly
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2.3 Human Motion Generation
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https://github.com/ZurichNLP/spoken-to-signed-translation
https://github.com/FangyunWei/SLRT/tree/main/Spoken2Sign
https://github.com/FangyunWei/SLRT/tree/main/TwoStreamNetwork
https://github.com/FangyunWei/SLRT/tree/main/TwoStreamNetwork#performance
https://github.com/BenSaunders27/ProgressiveTransformersSLP
https://github.com/neccam/slt
https://github.com/Eddie-Hwang/NSLP-G
https://github.com/ZhengdiYu/SignAvatars
https://www.codabench.org/competitions/4854/#/pages-tab
https://www.codabench.org/competitions/4854/#/pages-tab
http://cips-cl.org/static/CCL2024/en/cclEval/taskEvaluation/index.html#Task%2010:%20Quality%20Evaluation%20of%20Sign%20Language%20Avatars%20Translation
http://cips-cl.org/static/CCL2024/en/cclEval/taskEvaluation/index.html#Task%2010:%20Quality%20Evaluation%20of%20Sign%20Language%20Avatars%20Translation

with human judgment on a per-sample basis. They
propose MoBERT, a BERT-based learned evaluator,
which achieves higher agreement with human rat-
ings, highlighting the ongoing challenge of design-
ing semantically meaningful motion evaluation.

2.4 Sign Language Assessment

SLA research compares student-produced signing
against canonical references. Cory et al. (2024)
evaluates sign language proficiency by modeling
the natural distribution of signing motion across
multiple references and demonstrating a strong
correlation with human ratings. Tarigopula et al.
(2024, 2025) proposes a posterior-based analysis of
skeletal or spatio-temporal features to assess both
manual and non-manual signing components, im-
proving alignment with human evaluation as well.

3 Evaluation Metrics

In this section, we formally define common evalu-
ation metrics mentioned in related work (§2) and
implement them, reusing open-source code where
available, to prepare for the upcoming empirical
study on pose evaluation in §4 and §5.

3.1 Keypoint Distance-Based Metrics

We borrow keypoint distance-based metrics from
prior work on sign language generation, notably
Ham?2Pose (Arkushin et al., 2023). These metrics,
e.g., APE (Average Position Error)—initially devel-
oped for general pose estimation and motion anal-
ysis—quantify geometric similarity using frame-
wise errors and alignment strategies. However,
they are not designed for sign language and ignore
critical linguistic properties such as signer speed
variation, hand dominance, and missing keypoints.
Moreover, they have not been systematically vali-
dated against human judgments in sign language
contexts, motivating our extended investigation.
During (re-)implementation, we identify signifi-
cant sources of variation that affect the outcomes
of distance-based metrics: (a) whether and how
the coordinate values of the keypoints are normal-
ized (e.g., based on the shoulder position as the
origin (0, 0) and the shoulder width being 1); (b)
whether videos are trimmed to exclude signing-
inactive frames; (c¢) which subset of the keypoints
from the pose estimation library is selected for com-
parison (Figure 2; e.g., hands-only vs. full body);
(d) how framerate mismatches are handled (e.g.,
interpolating to a consistent FPS); (¢) how masked
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(a) Full (586 Points) (b) YouTube-ASL (85 Points)
(Grishchenko and Bazarevsky, 2020) (Uthus et al., 2023)

L)

=

(c) Face-contour (178 Points) (d) SignCLIP (203 Points)
(Moryossef et al., 2021a) (Jiang et al., 2024)

Figure 2: MediaPipe keypoint selection strategies.

(a) Equal-Length Sequences

(b) Zero-Padding

(c) Pad with First Frame  (d) Dynamic Time Warping

Figure 3: Sequence alignment (in ) between a
shorter sequence (in red) and longer sequence (in blue).
In reality, pose keypoint trajectories are aligned tem-
porally in 3D and then averaged for the whole body.
Paddings take values from the first frame or simply Os.

or missing keypoints are treated (e.g., filled with
a value, or a default distance returned, or simply
ignored); and (f) how sequences of unequal length
are aligned before applying APE (Figure 3; e.g.,
using zero-padding, frame repetition, or DTW).
We examine these variations and provide a re-
producible toolkit that enables tuning these de-
sign choices explicitly—including keypoint selec-
tion, normalization, and masking, sequence trim-
ming and alignment with different distance mea-
sures—rather than inheriting arbitrary defaults.
The toolkit supports the generation of possibly
thousands of metric variants to be tested in §4.

3.2 Embedding-Based Metrics

Rather than operating on the keypoints’ raw spatial
positions, we categorize embedding-based metrics
that calculate distance or similarity in a latent em-



bedding space provided by a trained model.

3.2.1 Sign Language Assessment Metrics

We adopt two metrics for comparing two poses
from the SLA task (§2.4): the Skeleton Variational
Autoencoder (SkeletonVAE) model from Cory et al.
(2024) and the posterior-based scores from assess-
ment models developed in Tarigopula et al. (2024).

SkeletonVAE Score The SkeletonVAE is trained
to produce a per-frame latent embedding. 2D Me-
diaPipe poses are first uplifted to constrained 3D
skeletons using the method of Ivashechkin et al.
(2023) and then embedded into a 10-dimensional -
VAE latent space (Higgins et al., 2017). We define
SkeletonVAE Score as the L2 distance between the
reference and hypothesis sequences’ DTW-aligned
latent trajectories, optionally normalized by the
DTW path length.

Skeleton Posterior-based SKL Score Follow-
ing Tarigopula et al. (2024), we first extract two
sets of linguistically informed features from the
pose sequences with the same missing keypoint
preprocessing as Eq. 6 in Arkushin et al. (2023).
For hand movement, we compute 36-dimensional
feature vectors representing hand position and ve-
locity relative to the head, shoulders, and hips
with a temporal context of 9 frames. For hand-
shape, we calculate joint positions relative to the
wrist and input them into a separate MLP to ob-
tain handshape posteriors. The resulting stack of
shape and movement posteriors from both the refer-
ence and hypothesis examples is then aligned using
DTW with a cost function based on the Symmet-
ric Kullback-Leibler (SKL) divergence. The cost
is aggregated over the DTW time steps as the fi-
nal score with two variants—SKL_mvt Score (move-
ment only) and SKL_mvt_hshp Score (movement +
handshape), respectively.

3.2.2 SignCLIP Score

One step further than §3.2.1, we follow CLIPScore
(Hessel et al., 2021) and use SignCLIP (Jiang et al.,
2024), a model repurposed for representing sign
language poses by multilingual contrastive learn-
ing, to derive SignCLIPScore P-P (pose-to-pose),
based on the dot product of the embeddings of the
reference and hypothesis on the example level in-
stead of frame-level latents plus DTW alignment.

Reference-Free Quality Estimation Variant
We introduce SignCLIPScore P-T (pose-to-text).
It computes the dot product between the text and
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pose embedding, eliminating reliance on scarce
or even unreliable ground-truth signing references
(Freitag et al., 2023).

3.3 Back-Translation-Based Metrics

Assuming the existence of the corresponding spo-
ken language text and a reliable pose-to-text SLT
model, we can evaluate a sign language pose by:
(a) Sampling: translate the pose sequence into text,
then compare with the source text using BLEU>,
chrF%, or BLEURT. (b) Scoring: compute the log-
likelihood of the text given the pose sequence as in-
put to the SLT model. This avoids errors introduced
by decoding and supports more consistent compar-
isons across systems. In this study, we adopt an
SLT model from Zhang et al. (2024a), which is
pretrained on a large-scale YouTube SLT corpus
and massive MT data. We use system 8 from their
study (YT-Full + Aug-YT-ASL&MT-Large + ByT5
XL), i.e., the current state of the art, and preprocess
the generated pose sequences by selecting the same
85 keypoints specified in their paper’.

4 Automatic Meta-Evaluation

In this section, we explore methods to automati-
cally (meta-)evaluate proposed metrics, especially
when there are many variants as seen in §3.1.

We adopt the retrieval-based evaluation protocol
from Arkushin et al. (2023) to assess how well
different metrics capture meaningful distinctions
between signs. Each pose sequence is treated as a
query, and the goal is to retrieve other samples of
the same sign (fargets) from a pool that includes
unrelated signs (distractors). We focus primarily
on the distance-based metric variants introduced in
§3.1, and compare them against embedding-based
alternatives such as SignCLIP Score (§3.2.2).

Evaluation is conducted on a combined ASL
dataset of ASL Citizen (Desai et al., 2023), Sem-
Lex (Kezar et al., 2023), and PopSign ASL (Starner
et al., 2023). For each sign/gloss, we use all avail-
able samples as targets and sample four times as
many distractors, yielding a 1:4 target-to-distractor
ratio. For instance, for the sign HOUSE with 40
samples (11 from ASL Citizen, 29 from Sem-Lex),
we add 160 distractors and compute pairwise dis-

Snrefs:1 |case:mixed|eff:yes|tok:13a|smooth:exp]|
version:2.3.1

Snrefs:1 |case:mixed|eff:yes|nc:6|nw:@|space:no]|
version:2.3.1

"Eight mismatched keypoints due to different MediaPipe
versions are imputed as missing landmarks.



Base (f) Fill (e) Trim (b) Norm. (a) Padding (f) Keypoints (¢c) mAPT P@107
Ham2Pose nAPE 0* X Zero Reduced 26% 14%
Ham2Pose nDTW(-MJE) unspecified X / Reduced 27% 14%
APE 10 X X Zero Upper body 33% 27%
APE 10 X X first-frame  Upper body 34% 29%
APE 10 X Zero Upper body 35% 30%
APE 10 X Zero Reduced 36% 32%
APE 10 X X first-frame  Reduced 37% 32%
APE 10 X X first-frame  YT-ASL 39% 36%
APE 10 X first-frame  Reduced 40% 36%
APE 10 Zero Upper body 41% 37%
APE 10 X X Zero Hands 42% 38%
APE 10 first-frame  YT-ASL 43% 39%
APE 10 X Zero Hands 45% 41%
DTW 10 X X / Upper body 36% 32%
DTW 10 X / Upper body 37% 33%
DTW 10 X X / Reduced 42% 40%
DTW 10 X / Upper body 43% 41%
DTW 10 / Upper body 43% 41%
DTW 10 X / Reduced 44% 41%
DTW 10 X / Hands 45% 41%
DTW 10 X X / YT-ASL 48% 47%
DTW 10 X / YT-ASL 49% 48%
DTW 10 X X / Hands 53% 52%
DTW! 10 X / Hands 53% 52%
DTWT 1 X / Hands 55% 53%
SignCLIPScore P-P (multilingual) 50% 48%
SignCLIPScore P-P (ASL finetuned) 91% 92 %

Table 2: Automatic meta-evaluation of reference-based evaluation metrics on sign retrieval across various settings:
(a)-(f) enumerated in section 3.1. The table presents a representative subset of top-performing metrics. Fill indicates
the value used to fill in missing keypoint; zero indicates zero-padding; first-frame indicates padding with the first
frame. YT-ASL includes a subset of keypoints used and described in Uthus et al. (2023). Reduced includes a subset
of keypoints used and described in Jiang et al. (2024). * Ham2Pose nAPE implements missing-filling slightly
differently—filling in zeros for both trajectories if one of them has a missing value (see details in Appendix A).

tance from each target to all 199 other examples.
The pairwise distance is defined by each of these
proposed metric scores. Retrieval quality is mea-
sured using Mean Average Precision (mAP7) and
Precision@10 (P@107). The full evaluation covers
5362 unique signs and 82,099 pose sequences. Af-
ter several pilot runs to rule out clear bad choices,
we finalize a subset of 169 signs with at most 20
samples each, and evaluate 48 representative key-
point distance-based metric candidates and Sign-
CLIP Score with different SignCLIP checkpoints
provided by the authors® on this subset. For refer-
ence, we also reproduce the metrics proposed by
Arkushin et al. (2023). The key results, including
the best metrics, are presented in Table 2.

8https ://github.com/J22Melody/fairseq/tree/
main/examples/MMPT#demo-and-model-weights
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The results show that, as expected, DTW-based
metrics outperform padding-based APE baselines.
While selecting hands-only keypoints appears to
yield the best results, a more sophisticated selection
that includes non-manuals might still be desirable.
Embedding-based methods, particularly SignCLIP
models fine-tuned on in-domain ASL data, achieve
the strongest retrieval scores. We mark the two best
DTW-based metrics by ¥ and T, and rename them
DTWp and nDTWp for use in the rest of the paper.

5 Text-to-Pose Translation Study with
Human Evaluation

This section shifts our evaluation focus from auto-
matic sign-level tasks to a sentence-level text-to-
pose sign language machine translation scenario.
Due to their subjective and diverse nature, open-


https://github.com/J22Melody/fairseq/tree/main/examples/MMPT#demo-and-model-weights
https://github.com/J22Melody/fairseq/tree/main/examples/MMPT#demo-and-model-weights

ended text or utterance generation tasks inherently
lack a single “correct”/*ground-truth” answer. Con-
sequently, automatic evaluation metrics are only
meaningful if they correlate closely with human
judgments (Reiter, 2018; Sellam et al., 2020).

5.1 Dataset: WMT-SLT Signsuisse

We use the Signsuisse dataset released in the WMT-
SLT 23 campaign. The dataset comprises 18,221
lexical items in three spoken-sign language pairs,
represented as videos and glosses. One signed
example sentence for each lexical item is pre-
sented in a video along with the corresponding
spoken language translation, which forms paral-
lel data between the sign and spoken languages.
The test set is used to test different text-to-pose
translation systems. It contains 500 German/Swiss
German Sign Language (DSGS) segments, 250
French/French Sign Language (LSF) segments, and
250 Italian/Italian Sign Language (LIS) segments.

5.2 Systems

We utilize three text-to-pose translation systems
that convert spoken language text inputs into corre-
sponding sign language represented by the Medi-
aPipe Holistic pose formats.

Reference* MediaPipe poses are estimated from
the reference translation videos, i.e., ground truth.

sign.mt Based on Moryossef et al. (2023b), this
open system converts text into sign language
glosses through rule-based reordering and selec-
tive word dropping. Glosses are mapped to skeletal
poses retrieved from a lexicon and are then concate-
nated to form coherent sequences. When a gloss
is missing from the lexicon, the system defaults to
fingerspelling the corresponding word.

sign.mt v2 During evaluation, we found that fre-
quent fingerspelling of missing glosses was cum-
bersome and frustrating for evaluators. Therefore,
in this version, we opted to omit glosses without
lexical mappings, acknowledging that while this
may result in information loss, it significantly im-
proves user experience and evaluation efficiency.

Sockeye We adapt Sockeye (Hieber et al., 2022)
to continuous pose sequences by modifying both
the encoder and decoder to handle continuous se-
quences. The text-to-pose Sockeye model is trained
on the Signsuisse training set with 60k updates on
a 32GB NVIDIA Tesla V100 GPU.
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To avoid exposure bias—where the decoder over-
fits to gold frames and fails at inference, we first
predict only the initial pose y; from the encoder out-
put, then feed y; as input for all subsequent steps
Y2.n, training the decoder to output frame-to-frame
deltas Ay, = y; — v instead of absolute poses.
Since the target sequence is continuous, we replace
the cross-entropy loss function with mean squared
error on the poses. Additionally, there is no <E0S>
token with continuous output; instead, we learn to
output the length of the pose sequence based on the
length ratios from the training data. We provide the
link to the adapted Sockeye repository and a demo
of translation output.

5.3 Human Evaluation

We collect system translations and use Appraise
(Federmann (2018); Figure 4) to allow evaluators
to rate the translations on a continuous scale be-
tween 0 and 100 as in traditional direct assessment
(Graham et al., 2013; Cettolo et al., 2017) but with
0-6 markings on the analogue slider and custom an-
notator guidelines designed explicitly for our task
(similar to WMT-SLT, but reverse translation direc-
tion). Evaluation instructions are sent out in DSGS,
LSF, and LIS, which are translations of the respec-
tive spoken language instructions in WMT-SLT.
The instructions are attached in Appendix B.

We hire seven DSGS, two LSF, and four LIS
evaluators, all of whom are native deaf sign lan-
guage users’. All work is done with informed con-
sent in written and signed form. Of the seven native
DSGS deaf signers, four have never participated
in such an evaluation campaign before, two have
participated once, and one has attended more than
once. Concerning their professional backgrounds,
four are deaf translators; one also interprets live.
Complete demographics are presented in Table 4.

An initial round of evaluation informs us about
the cost, roughly 100 example segments per hour,
with a compensation of ~40 USD per hour. Evalu-
ators also provide constructive feedback on the Ap-
praise platform and the translation systems, which
results in the switching into the v2 version of
sign.mt. Therefore, the number of evaluated exam-
ples varies slightly between systems and languages.

Statistics The evaluation comprises 2650 unique
examples and 11,471 ratings across all four sys-
tems (3275 reference, 4032 Sockeye, 861 sign.mt,

One additional DSGS evaluator, a hearing interpreter, did
a pilot study with us to test the Appraise system.


https://www.sgb-fss.ch/signsuisse/
https://www.wmt-slt.com/data#h.l0qcgunwhkqt
https://www.wmt-slt.com/data#h.l0qcgunwhkqt
https://sign.mt
https://sign.mt
https://github.com/ZurichNLP/sockeye/tree/continuous_outputs_3.2
https://github.com/ZurichNLP/sockeye/blob/continuous_outputs_3.2/pose_examples_signsuisse/README.md
https://github.com/J22Melody/Appraise/tree/iict
https://sign.mt

Reference-Based

Reference-Free

Distance-Based SLA Metrics SignCLIPScore Back Translation-Based H*
nAPE nDTW DTWp nDTWp SVAE SVAE, SKL SKL, P-P P-T B4 chrF B-RT Lik. H*
By System
sign.mt 0.09 0.14 0.11 0.10 0.23 -0.08 0.24 0.17 0.10 002 0.05 0.I1 005 023 043
sign.mt v2 0.28 0.33 0.26 0.31 0.46 0.14 0.22 0.29 0.00 -0.19 020 022 044 049 052
Sockeye 0.10 0.15 0.04 0.17 0.13 0.01 0.24 0.07 042 -0.27 -0.07 0.04 046 058 022
By Language
DE—DSGS -0.36 -0.09 0.73 043  -0.02 027 -0.57 -0.51 -0.31 039 0.18 026 0.09 036 0.70
FR—LSF -0.54 -0.11 0.76 0.02 -0.01 037 -0.68 -0.65 -0.01 045 032 060 047 0.29 0.80
IT—LIS -0.57 -0.39 0.79 0.57  -0.02 053 -0.75 -0.74 0.13 029 031 063 041 038 0.88
Overall (1) -0.41 -0.10 0.76 0.43 0.07 038 -0.56 -0.53 -0.10 027 021 042 036 042 0.77
SD () (0.35) (0.24) (0.34) (0.20) (0.18) 0.22)  (0.47) 0.43)  (0.22) (0.29) (0.14) (0.23) (0.18)  (0.12)  (0.24)

Table 3: Segment-level Spearman correlations with average human judgments calculated for several pose-

based evaluation metrics for sign language.

nAPE=normalized APE, nDTW=normalized DTW-MJE (two

metrics taken from Arkushin et al. (2023) and re-implemented for MediaPipe, normalized by pose shoulder);
DTWp=DTW+Trim+MaskFil11@.0@+Hands-Only, nDTWp=DTW+MaskFill1.@+Norm.+Hands-Only (top metrics se-
lected in §4 implemented by pose-evaluation, denoted by * and T in Table 2, without/with pose normalization,
respectively); SVAE=SkeletonVAE Score, SVAE,=SVAE normalized by DTW path, SKL=SKL_mvt Score,
SKL;,=SKL_mvt_hshp Score; P-P=Pose-to-pose embedding distance, P-T=Pose-to-text embedding

distance; B4=BLEU-4, chrF=chrF, B-RT=BLEURT, Lik.

=Likelihood. H* denotes mean inter-evaluator Spearman

correlation. SD represents the standard deviation across each column and is expected to be small for an ideal metric.

and 3303 sign.mt v2) and three language pairs
(7861 DSGS, 1210 LSF, and 2400 LIS).

We follow the practices set by WMT-SLT. The
inter-annotator agreement, measured with an ap-
proximation of Fleiss « (Fleiss, 1971) by discretiz-
ing the continuous scale 0-100 in seven bins in the
scale 0-6, is k = 0.36 £ 0.05. We also randomly
mix 500 references and some repeated hypothesis
segments for sanity checks and quality control. The
mean intra-annotator agreement over all evaluators
is k = 0.49 £ 0.09, calculated over 50-100 seg-
ments evaluated twice by the same evaluator. We
find the inter- and intra-annotator agreement to be
lower than in the WMT-SLT study for the sign-to-
text translation direction, and posit that the lack of
a clear definition and criteria for translation quality
in sign language poses a significant challenge.

Evaluation experience SL professional Avg yr.

Never Once >Once Translator Interpreter Teacher

DSGS (7) 4 2 1 4 1 4 390
LSF (2) 0 1 1 1 0 1 35.0
LIS (4) 1 1 2 3 4 0 425

Table 4: Raters overview: system evaluation and profes-
sional experience with sign language, average number
of years signing (in most cases equivalent to age).

5.4 Correlation Analysis

We perform a correlation analysis between the met-
rics proposed in §3 and the human scores averaged
over evaluators at the segment level, as presented

in Table 3. The metrics are divided into families,
where reference-based means that the quality of the
translated poses is measured in relation to reference
poses derived from signing videos. The absolute
scores per metric/system are presented in Table 5.

For the distance-based metrics, we reproduce
nAPE and nDTW(-MJE) for MediaPipe poses
based on the open implementation from Arkushin
et al. (2023) as a reference, and additionally com-
pare them to the best-performing metrics informed
by the automatic meta-evaluation in §4 on ASL, a
different sign language. We flip the signs of the
metrics that quantify errors to keep a positive cor-
relation for analytical convenience. Row-wise, we
first break down the correlation by system and lan-
guage into relevant rows, and then present the over-
all correlation, including all systems and languages,
to reflect performance at the system level.

6 Discussion and Recommendations

Distance-based metrics are efficient defaults,
but the devil is in the implementation de-
tails. Although seemingly straightforward to im-
plement, distance-based metrics involve many de-
sign choices, including pose format and keypoint
selection. We empirically demonstrate the ef-
fectiveness of correcting these choices through
a random parameter search, following our estab-
lished meta-evaluation protocols in §4. We rec-
ommend using the tuned versions—DTWp and
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nAPE, nDTW)| DTWp| nDTWp| SVAE| SVAE,| SKL| SKL,| P-Pt P-Tt B41 chrFt B-RTT Lik.T H*
reference* n/a n/a n/a n/a n/a n/a n/a n/a n/a 7423 1505 38.52 049 -32.87 76.55
sign.mt 0.60 2543 5171.55 8.66 1.20 0.0028 279429  7443.66 81.58 75.55 3.46 14.53 0.26 -39.30 22.00
sign.mt v2 1.65 20.73  4508.62 8.97 1.23 0.0045 416578 11540.15 89.89 7646 6.89 24.79 023 -67.55 30.12
Sockeye 0.29 16.97 11879.58 10.71 1.16 0.0057 1056.29  3985.65 94.45 7240 344 1190 0.17 -77.57 5.05

Table 5: Mean absolute scores for each metric across systems. Rows and columns mirror those in Table 3.

nDTWp—in our pose-evaluation library, or tun-
ing your distance-based metrics when necessary.

Upon successful tuning, a distance-based metric
achieves decent sign retrieval and correlation
with humans in text-to-pose translation. Our
tuned metrics can even be used as a distance func-
tion for a nearest neighbor classifier'®, and reach
close performance as the SignCLIP model pre-
trained on multilingual sign language data; still,
it lags behind a SignCLIP model fine-tuned on
in-domain data (Table 2). When used to evaluate
translation output, keypoint distance-based metrics
can range from negatively correlated with human
judgments (as seen for nAPE and nDTW), to be-
ing the best metrics tested. DTWp wins the overall
correlation while nDTWp is more sensitive on the
segment level within a specific system (Table 3).

SLA metrics correlate with humans on the seg-
ment level but are confused on the system level.
While verified to align with human ratings for their
tasks on evaluating human-produced signing (usu-
ally involving fixed individual signs), text-to-pose
translation is more lengthy and open-ended, which
hinders direct transferability. A proper length nor-
malization (as seen in the case of SVAE,, vs. SVAE)
might help on the system level at the price of losing
precision on the segment level.

SignCLIP, used as a multilingual embedding de-
vice, excels on the sign level, but falls short for
sentence-level translation evaluation. We spec-
ulate that using a single embedding to summarize
a long-duration (> 10 seconds) signing video is in-
herently limited, especially for DSGS, a language
unseen during SignCLIP’s pretraining. Neverthe-
less, the reference-free variant exhibits a moderate
correlation at the system level, and we observe a
similar tradeoff (P-P vs. P-T) between segment
and system level correlations, as seen in the SLA
metrics.

"Upon quick experimentation, nDTWp with KNN (n=10)
achieves 19% ISLR accuracy on the ASL Citizen test set. We
leave a more systematic evaluation on this end to future work.
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Back-translation-based approaches correlate
properly with human judgment; a gap remains
compared to inter-human correlation. In addi-
tion to the standard practices suggested by Miiller
et al. (2023b) on computing text-based metrics, we
call for open, standardized pose-to-text translation
models that include both the model weights and
the source code. Yet, as noted in Table 1, this is
hardly the case in current research, and having a
dedicated back-translation model for each transla-
tion direction (or even dataset) is a luxury. The
above-mentioned metrics, which do not rely on in-
domain data but function to a decent degree, are
valuable in a more generic setting. Human evalu-
ation shall be used as the final quality assessment
resort.

When using back translation, likelihood is con-
sistent and more reliable than text metrics.
BLEU, chrF, and BLEURT show weaker or un-
stable correlations with humans in Table 3. It is
recommended that back-translation likelihood be
included as a primary metric when a pose-to-text
model is available.

7 Conclusion

This work presents a unified framework and an
open-source pose-evaluation toolkit for system-
atically assessing (generated) sign language utter-
ances based on human skeletal poses. We imple-
mented and compared a wide range of metrics
(§3)—distance-based, embedding-based, and back-
translation-based—via automatic meta-evaluation
on sign retrieval (§4) and a comprehensive human
correlation study across three sign languages (§5).
Our results demonstrate that carefully tuned dis-
tance metrics, namely DTWp and nDTWp, and
back-translation likelihoods yield the strongest
agreement with native signer judgments. We re-
lease our code, evaluation protocols, and human
ratings to foster reproducible and fair comparisons
in computational sign language research.
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8 Limitations

8.1 3D Pose Representation

While our study focuses on using MediaPipe Holis-
tic as the pose format for representing sign lan-
guage motion, other specifics, especially the re-
cently developed 3D SMPL-X (Pavlakos et al.,
2019) would be a visually more expressive choice.
However, the lack of a common way to extract
and use 3D poses as easily as MediaPipe Holistic
makes the latter the most used choice in SLP.

8.2 Missing Publicly Available Systems

Our study is further limited by the number of public
systems (Table 1) we can use to run the correlation
analysis, unless we implement everything from
scratch (including the pose estimation pipelines,
text-to-pose systems, and back-translation models).
We hope the release of this work will alleviate the
situation.

8.3 Automatic Evaluation beyond Sign Level

The automatic meta-evaluation in §4 is capped by
the sign-level retrieval task, and we envision ex-
tending it to the phrase level. One possible ap-
proach is to leverage the Platonic Representation
Hypothesis proposed by Huh et al. (2024). In the
pose evaluation scenario, we hypothesize that the
similarity given by a good pose metric between
two pose segments should correlate with the sim-
ilarity given by a text embedding model between
the two text segments paired with the two pose
segments, respectively. We leave exploration on
this end for future work, which will likely connect
the automatic meta-evaluation more closely to the
sentence-level human correlation study in §5.

8.4 Tokenized Evaluation

Inspired by how text metrics like BLEU col-
lect surface-form overlapping statistics, we envi-
sion a tokenized evaluation as promising for sign
language evaluation. Although a sign language
pose sequence cannot be discretely tokenized and
matched like text tokens, the combination of a sign
language segmentation model (Moryossef et al.,
2023a) plus SignCLIP embedding can be utilized in
a way similar to BERTScore (Zhang* et al., 2020),
where a similarity matrix is constructed between
the reference and hypothesis tokens to derive the
final similarity score on phrase level.
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A Ham2Pose Metrics Re-Implementation
via pose-evaluation

pose-evaluation toolkit enables the flexible cre-
ation of various metrics and pose processing
pipelines. We successfully re-implemented the
nMSE, nAPE, and nDTW-MJE metrics, and verified
that the new implementation gave exactly identical
results on a small collection of test files.

All metrics share certain preprocessing steps be-
fore comparison, in this order:

1. Remove world landmarks.

2. Calling the reduce_holistic function from
the pose-format library, effectively reducing
the keypoints to the face contour and the upper

body.

3. Normalization by shoulder joints.

4. Hide low-confidence joint predictions.

In addition, nMSE and nAPE metrics do
trajectory-based preprocessing, for each pair of
keypoint trajectories:

1. Zero-pad the shorter trajectory.

2. Fill with zeros anywhere where either one of
the trajectories is missing a value. For exam-
ple, if trajectory A had [7, —, 7] and trajectory
B had [—,8,8], the result would be thus: Tra-
jectory A: [0,0,7], B: [0,0,8].

In contrast, the metrics implemented for
the automatic meta-evaluation in §4, e.g.,
DTW+Trim+MaskFill1@.0+Hands-Only, behave
differently, filling each pose in without regard to
the other. The result of trajectory A = [7,—,7]
vs Trajectory B [—,8,8] would thus become A =
[7,10,7] vs Trajectory B [10,8,8].

B Extended Human Evaluation Details

Figure 4 presents a screenshot of the Appraise plat-
form we customized for the text-to-pose evaluation,
where the instruction text is translated into English.
The sign language versions of the instructions are
linked: DSGS, LSF, LIS. The original text instruc-
tions in German, French, and Italian are below:

German Unten sehen Sie 10 Sitzen auf Deutsch
(linke Spalten) und die entsprechenden moglichen
Ubersetzungen in Deutschschweizer Gebirden-
sprache (DSGS) (rechte Spalten). Bewerten Sie
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jede mogliche Ubersetzung des Satzes. Sie konnen
bereits bewertete Sitze jederzeit durch Anklicken
eines Quelltextes erneut aufrufen und die Bewer-
tung aktualisieren.

Bewerten Sie die Ubersetzungsqualitiit auf einer
kontinuierlichen Skala mit Hilfe der nachfolgend
beschriebenen Qualititsstufen:

0: Unsinn/Bedeutung nicht erhalten: Fast alle In-
formationen zwischen Ubersetzung und Ausgang-
stext sind verloren gegangen. Es ist irrelevant, ob
die Bewegungen natiirlich sind.

2: Ein Teil der Bedeutung ist erhalten: Die Uber-
setzung behilt einen Teil der Bedeutung der Quelle
bei, ldsst aber wichtige Teile aus. Die Erzdhlung
ist aufgrund von grundlegenden Fehlern schwer zu
verstehen. Bewegungen konnen mangelhaft sein.

4: Der grosste Teil der Bedeutung ist erhalten
und die Bewegungen sind akzeptabel: Die Uberset-
zung behilt den grossten Teil der Bedeutung der
Quelle bei. Sie kann kleine Fehler oder kleinere
kontextuelle Unstimmigkeiten aufweisen. Bewe-
gungen sehen teilweise nicht natiirlich aus.

6: Perfekte Bedeutung und Natiirlichkeit: Die
Bedeutung der Ubersetzung stimmt vollstindig mit
der Quelle und dem umgebenden Kontext (falls
zutreffend) iiberein. Bewegungen wirken natiirlich.

French Vous voyez ci-dessous un document
avec 10 phrases en frangais (colonnes de gauche)
et leurs traductions candidates correspondantes
langue des signes francaise (LSF) (colonnes de
droite). Veuillez attribuer un score a chaque tra-
duction possible de la phrase dans le contexte du
document. Vous pouvez revisiter les phrases déja
évaluées et mettre a jour leurs scores a tout moment
en cliquant sur un texte source.

Evaluez la qualité de la traduction sur une
échelle continue en utilisant les niveaux de qualité
décrits ci-dessous:

0: Absence de sens/aucune signification
préservée: Presque toutes les informations sont per-
dues entre la traduction et la source. Le caractere
naturel du mouvement n’est pas pertinent.

2: Une partie du sens est préservée: La traduc-
tion préserve une partie du sens de la source mais
omet des parties importantes. Le récit est diffi-
cile a suivre en raison d’erreurs fondamentales. Le
mouvement n’est pas toujours naturel.

4: La majeure partie du sens est préservée et le
caractére naturel du mouvement est acceptable: La
traduction conserve la majeure partie du sens de
la source. Elle peut comporter quelques erreurs
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mineures ou des incohérences contextuelles. Le
mouvement peut sembler peu naturel.

6: Sens parfait et mouvements naturels: Le sens
de la traduction est totalement cohérent avec la
source et le contexte environnant (le cas échéant).
Les mouvements sont naturels.

Italian Qui sotto trovate un documento con 10
frasi in italiano (colonne di sinistra) e lecorrispon-
denti possibili traduzioni nella lingua dei segni
italiana (LIS) (colonne di destra). Valutate ogni
possibile traduzione della frase nel contesto del
documento. Potete rivedere le frasi valutate in
precedenza e aggiornarne le valutazioni in qual-
siasi momento cliccando sul testo sorgente.

Valutate la qualita della traduzione su una scala
continua utilizzando i livelli di qualita descritti di
seguito:

0: Privo di senso/significato non conservato:
Quasi tutte le informazioni tra la traduzione e il
testo sorgente sono andate perse. La naturalezza
del movimento ¢ inconsistente.

2: Parte del significato ¢ conservato: La
traduzione conserva parte del significato del testo
sorgente, ma omette parti importanti. La narrazione
¢ difficile da capire a causa di errori fondamentali.
La naturalezza del movimento puo essere insuffi-
ciente.

4: Lamaggior parte del significato ¢ conservato e
il movimento ¢ accettabile: La traduzione conserva
la maggior parte del significato del testo sorgente.
Puo contenere errori o discrepanze contestuali di
entita minore. Il movimento pud sembrare innatu-
rale.

6: Significato perfetto e naturalezza: Il signi-
ficato della traduzione ¢ completamente coerente
con il testo sorgente e con il contesto dato (se ap-
plicabile). Il movimento sembra naturale.
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textZposeSignsuisselLIS #330:Document
#signsuisse.lis-ch.52- 30059

11 items left in document Italian (Italian) — Italian Sign Language (LIS)

Show instructions in sign language

Below you will find a document with 10 sentences in Italian (left columns) and the corresponding possible transiations in
Italian Sign Language (LIS) (right columns). Rate each possible translation of the sentence in the context of the document. You
can review previously rated sentences and update their ratings at any time by clicking on the source text.

Rate the quality of the translation on a continuous scale using the quality levels described below:

0: Nonsensical/Meaning not preserved : Almost all information between the translation and the source text is lost. The
naturalness of movement is inconsistent.

2: Some meaning is retained : The translation retains some of the meaning of the source text, but omits important parts.
The narrative is difficult to understand due to fundamental errors. The naturalness of the movement may be insufficient.

4: Most of the meaning is preserved and movement is acceptable : The translation retains most of the meaning of the
source text. May contain minor errors or contextual discrepancies. Movement may appear unnatural.

6: Perfect meaning and naturalness : The meaning of the translation is completely consistent with the source text and the
given context (if applicable). The movement seems natural.

Expand all items Expand unannotated Collapse all items

' The warplane drops a bomb. <Video is hidden. Click to expand.>

“ He won the gold medal in the ski race. <Video is hidden. Click to expand.>

“~ In 2006 the Italian football team won the cup.

0: Meaningless/meaning nat 2: Some of the meaning is retained 4: Most of the meaning is preserved and the mavement is &: Perfect meaning and
preserved naturalness

=

“ It is possible to donate a healthy kidney to someone. <Video is hidden. Click to expand.>

Figure 4: A screenshot of an example text-to-pose evaluation task in Appraise featuring sentence-level source-based
direct assessment with custom annotator guidelines in German/French/Italian and DSGS/LSF/LIS, translated into
English for readers’ convenience.
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Abstract

As sentence-level performance in modern Ma-
chine Translation (MT) has plateaued, reli-
able document-level evaluation is increasingly
needed. While the recent FALCON framework
with pragmatic features offers a promising di-
rection, its reliability and reproducibility are un-
clear. We address this gap through human eval-
uation, analyzing sources of low inter-annotator
agreement and identifying key factors. Based
on these findings, we introduce H-FALCON, a
Human-centered refinement of FALCON. Our
experiments show that, even with limited an-
notator consensus, H-FALCON achieves corre-
lations comparable to or better than standard
sentence-level protocols.

Furthermore, we find that contextual informa-
tion is inherent in all sentences, challenging the
view that only some require it. This suggests
that prior estimates such as “n% of sentences
require context” may stem from methodologi-
cal artifacts. At the same time, we show that
while context is pervasive, not all of it directly
influences human judgment.

1 Introduction

The conventional approach to automatic machine
translation (MT) evaluation has focused primar-
ily on sentence-level analysis, emphasizing lexical
overlap or n-gram similarity, as seen in BLEU (Pap-
ineni et al., 2002), METEOR (Banerjee and Lavie,
2005), and chrF (Popovié¢, 2015). More recent
methods account for semantic similarity through
embedding-based metrics such as BERTScore
(Zhang et al., 2019) and COMET (Rei et al., 2020),
while LLM-based (large language model) metrics,
including XCOMET (Guerreiro et al., 2024) and
Meta-Metrics (Anugraha et al., 2024), demonstrate
improved alignment with human judgments. De-
spite these advances, their scope remains confined
to sentence-level evaluation, failing to capture dis-
course phenomena such as cohesion, coreference,
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consistency, and pragmatic adequacy. Document-
level metrics have been proposed (Jwalapuram et al.
2021; Zhao et al. 2023; Jiang et al. 2022), but they
typically target narrow aspects of discourse and lack
comprehensive coverage.

Human evaluation at the document level poses
additional challenges due to the complexity of quan-
tifying context-dependent phenomena. Approaches
that rely only on overt discourse markers risk under-
estimating the role of context (Voita et al. 2019;
Castilho 2022). Furthermore, protocols vary in
context length, annotation granularity, and guide-
line specificity (Hardmeier et al. 2015; Kocmi et al.
2022). The resulting cognitive burden on evalu-
ators can lead to longer annotation times and re-
duced inter-annotator agreement (IAA) (L&ubli
et al., 2018; Bawden et al., 2018; Graham et al.,
2017). Collectively, these factors render document-
level evaluation both methodologically complex
and resource-intensive, limiting its adoption in MT
research and practice (Sharma and Sridhar, 2025).

To address this gap, the FALCON frame-
work (Functional Assessment of Language and
Contextuality in Narratives; Kim 2025) integrates
pragmatic features into a structured document-level
protocol, with LLMs as judges. However, its hu-
man evaluation component remains underdevel-
oped and untested for reproducibility and reliabil-
ity. We therefore conduct a meta-evaluation of FAL-
CON through human assessments with professional
translators, and extend the protocol by introducing
H-FALCON, a reproducible and streamlined human
evaluation framework. Our contributions are as
follows:

* Conduct the first systematic reliability study of
FALCON, identifying sources of inter-annotator
variation,

* Provide a comprehensive meta-evaluation of
FALCON across diverse proprietary models, re-
vealing its limitations,
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Figure 1: The evaluation process of FALCON consisting of labeling 1) relevant context knowledge and 2) assessment
of translation skills, accompanied by 3) rating. This dual-phase process is integrated in H-FALCON by simultaneously

conducting labeling and rating for all sentences.

¢ Introduce H-FALCON, a simplified and reliable
protocol for document-level human evalua-
tion,

¢ Present evidence that contextual information
is inherent in all sentences,

* Demonstrate statistically that document-level
evaluation contributes 10% to holistic evalua-
tion scores.

2 Related Works

Document-level evaluation is not merely a scaled-
up version of sentence-level evaluation; it captures
translation phenomena that rely on extended con-
text, such as coreference resolution, lexical cohe-
sion, discourse connectives, and pragmatic intent
(Thai et al. 2022; Dahan et al. 2024). These fea-
tures recur across the document, with evidence
distributed over multiple segments, shaping a
distinctive atmosphere or nuance (Halliday and
Matthiessen, 2004). Evaluating such phenomena
enables a more accurate assessment of MT systems
that appear statistically indistinguishable at the sen-
tence level (Sharma and Sridhar, 2025). This sec-
tion reviews prior efforts in both manual (§ 2.1)
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and automatic (§ 2.2) evaluation of document-level
phenomena, including FALCON (§ 2.3).

2.1 For Manual Evaluation

The most visited sentence-level evaluation frame-
works are MQM (Multidimensional Quality Met-
rics; Lommel et al. 2014) and TAUS DQF (Dy-
namic Quality Framework; Valli 2015). Their com-
prehensive error categories encompass some dis-
course elements such as Language register and In-
consistent use of terminology,', but predominantly
focus on textual quality.

Document-level evaluation was initially driven
by community efforts such as DiscoMT (Workshop
on Discourse in Machine Translation; Hardmeier
et al. 2015) and WMT (Conference on Machine
Translation). Barrault et al. (2019) proposed a
document-level scoring protocol (DR+DC), but its
effectiveness was limited by low statistical power,
often producing tied rankings. As a result, eval-
uations were shifted to the sentence level, either
by considering adjacent segments (SR+DC) (Bar-
rault et al., 2019) or entire documents (SR+FD)

'https://themgm.org/the-mgm-full-typology/


https://themqm.org/the-mqm-full-typology/

(Akhbardeh et al., 2021) to assess cross-sentence
dependencies. The SR+DC approach later became
standard practice (Kocmi et al. 2022; Kocmi et al.
2023), with Kocmi et al. (2024) extending the
context window to ten consecutive sentences. In
parallel, new error categories were introduced for
discourse-related issues such as Accuracy/Gender
mismatch and Style/Archaic or obscure word choice
(Freitag et al., 2024). While these initiatives pri-
marily focus on contextual conveyance, our work
broadens error typology by shifting from textual
to discourse-level quality, systematically incor-
porating pragmatic, referential, and thematic
dimensions into a structured protocol.

2.2 For Automatic Evaluation

On the machine side, several automatic metrics
have been developed to better capture discourse
and context in MT evaluation. DiscoScore (Zhao
et al., 2023) explicitly models discourse relations
and coreference chains to assess cohesion and co-
herence. BlonDE (Jiang et al., 2022) integrates
lexical, syntactic, semantic, and discourse-level fea-
tures, making it suitable for narrative and dialogic
text. Doc-COMET (Vernikos et al., 2022) extends
COMET (Rei et al., 2020) to accept document-level
inputs, leveraging contextual embeddings to evalu-
ate translations within their broader discourse en-
vironment. While these approaches mark progress
toward automated document-level evaluation, they
generally emphasize only one or two discourse as-
pects—such as coherence or coreference—rather
than offering a comprehensive, structured assess-
ment of discourse phenomena.

Another line of research has focused on test suites
targeting specific discourse elements. These in-
clude domain-specific investigations (Vojtéchova
et al. 2019; Bicici 2019; Mukherjee and Yadav
2024; Bhattacharjee et al. 2024; Rozanov et al.
2024; Bawden and Sagot 2023), studies exam-
ining linguistic features (Avramidis et al. 2019;
Popovi¢ 2019; Raganato et al. 2019; Zouhar et al.
2020; Macketanz et al. 2021; Manakhimova et al.
2023; Savoldi et al. 2023; Armannsson et al. 2024;
Fridriksdottir 2024; Manakhimova and Macketanz
2024; Dawkins et al. 2024), and analyses incorpo-
rating discourse phenomena (Rysova et al. 2019;
Kocmi et al. 2020; Avramidis et al. 2020; Scher-
rer et al. 2020; Mukherjee and Shrivastava 2023).
DiscoBench (Wang et al., 2023) further addresses
discourse-sensitive content, detecting pronoun mis-
translation, topic drift, and other cross-sentence

&3

errors overlooked by sentence-level metrics.

Overall, these benchmarks highlight that
document-level evaluation introduces qualitatively
distinct challenges and opportunities, necessitating
dedicated protocols and models for holistic MT
quality assessment.

2.3 The FALCON Framework

FALCON (Functional Assessment of Language and
Contextuality in Narratives; Kim 2025) proposes a
structured protocol for document-level MT evalua-
tion by incorporating pragmatic and discourse-level
factors into a unified scoring scheme. It rests on
two hypotheses:

(a) Document-level evaluation can be approxi-
mated at the sentence level if contextual in-
formation is effectively propagated across sen-
tences.

(b) Such information can be inferred solely from
the source, independent of the target language.

Discourse phenomena are classified into three
meta-categories (Mobe, TENOR, FiELD) and nine sub-
categories (specified in §3 ]:[) collectively termed
“translation skills.” For each sentence, the judge
selects the three most salient skills, with this restric-
tion enhancing scoring stability.

Sentences not requiring context are first excluded
through a labeling step, where annotators assign
one of five context types (specified in §3 D). In the
subsequent rating stage, each selected skill receives
a 4-point score, as illustrated in Figure 1. Scores
are then aggregated per segment or skill set to yield
interpretable document-level indicators.

This protocol has so far been validated only in-
directly: human annotators were asked to judge
whether the model’ s selections were appropriate,
yielding an acceptance rate of 80.4% for context
labeling and 71.6% for skill selection. However,
no direct evaluation from a classification perspec-
tive has been conducted, which is the focus of the
present study. Additional concerns may arise from
the way context is presented, but this issue falls
outside the scope of our work.

3 Experiment Setup

We conduct direct human evaluation of FALCON
across two tasks and assess whether the current
experimental design yields reproducible human
judgments (§4). Using these gold annotations, we



Domain Dataset #Doc #Seg #Sent/Doc #Sent/Seg
Canary  Original 1 1 - -
Ours - - - -
Literary  Original 8 206 74.13 2.88
Ours 3 76 27.67 1.09
News Original 17 149 19.53 2.23
Ours 12 233 16.67 1.01
Social Original 34 531 22.76 1.46
Ours 23 500 23.26 1.07
Speech  Original 111 111 6.49 6.49
Ours - - - -
All Original 171 998 30.73 3.27
Ours 38 809 22.53 1.06

Table 1: Comparison of dataset statistics between the
original WMT24++ corpus and our filtered dataset.
Here, Seg denotes a segment (paragraph in WMT24++),
and sentence counts are reported per document and seg-
ment.

further perform a meta-evaluation to validate the
framework’ s reliability (§5). The tasks are:

]:[ Task I: Context Knowledge Judges assign one
of five levels of contextual knowledge re-
quired for translation: SENTENCE-LEVEL, LOCAL,
EXTENDED, GLOBAL, UNIVERSAL.

[ Task II: Translation Skills Judges select the
three most relevant skills from nine predefined
Categori68: INFORMATION DENSITY, IDEA DEVEL-
OPMENT, TERMINOLOGY CONTROL, STYLE REGISTER,
RELATIONAL ADDRESS, MODALITY & ATTITUDE, REF-
ERENCE CONSISTENCY, PARTICIPANT Focus, LoGgicaL

CONNECTIVITY.

3.1 Dataset

The original WMT24++ English—Korean dataset
(Deutsch et al., 2025) contains 998 segments from
four domains (social, news, speech, and literary)
with translations from ten systems. Because many
segments span multiple sentences, it is unsuitable
for our sentence-level design.

We construct a filtered subset while preserving
domain balance. The speech domain is removed,
as each document corresponds to a single segment
without context, and the literary domain is partially
pruned due to disproportionate length. Sentences
with hyperlinks, hashtags, or timestamps are dis-
carded, while emojis and user tags are retained as
they are considered relevant to the evaluation.

The remaining data are re-segmented into indi-
vidual sentences using NLTK (Bird et al., 2009) for
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English and KSS? for Korean. Source, target, and
reference segments are automatically aligned with
newline markers and then manually verified. For
translation, we select the best-performing system
(based on COMET scores), assuming that context-
aware translation is unlikely from low-quality sys-
tems.

The final evaluation set consists of 809 unique
sentences across three domains (social, news, and
literary), preserving proportional domain distribu-
tion (Table 1). All retained segments preserve doc-
ument boundaries, with sentence order tracked by
custom IDs.

3.2 Recruitment & Training

We recruited three professional translators, all na-
tive Korean speakers with 5-10 years of English
translation experience. For confidentiality, they
were anonymized as Judge 1, Judge 2, and Judge 3
and are collectively referred to as judges. Based on
the reduced segment length relative to the original
dataset, we estimated an average throughput of 60
sentences per hour, corresponding to 13.3 hours
per task and 27 hours in total per judge across two
tasks. Judges were compensated at $30 per hour.

An online orientation was conducted via Google
Meet to introduce the evaluation guidelines and
demonstrate the platform. During the session, par-
ticipants performed a preliminary evaluation using
the platform. For the main study, judges were given
one week to complete their evaluations. Time was
tracked per item, and participants were instructed
to maintain focus during annotation. They were
provided full access to the document and permitted
to review and revise their annotations prior to final
submission.

3.3 Platform & Interface

We used Label Studio® as the evaluation plat-
form (see Figure 9 in the Appendix). The inter-
face allowed evaluators to consult label definitions,
prior annotations, and relevant domain information
throughout the task.

3.4

We use IAA as the primary metric of reproducibil-
ity. For D Task I, Cohen’s Kappa (x) is computed
for each judge as in Equation 1, where P, denotes
the observed agreement and P, the expected agree-
ment under chance.

Metrics

*https://github.com/hyunwoongko/kss
*https://labelstud.io


https://github.com/hyunwoongko/kss
https://labelstud.io

Hwr FHwr

Judge 2-Judge 3  0.4995  0.6098
Judge 1-Judge 2  0.3883  0.4629
Judge 3-Judge 1  0.3646  0.4529
Avg. 0.4175  0.5085

Table 2: Pairwise IAA scores for ]:[ Task I (Cohen’s
Kappa) and ]:[ Task II (Jaccard similarity).

P,—P,

1-P. M

K =

For D Task II, which involves multi-label anno-

tation, we use the Jaccard similarity J (Equation 2),

where A and B are the label sets from two anno-

tators. For qualitative assessment, we collect par-

ticipant feedback via Google Sheets and conduct
subsequent linguistic analysis.

_|ANnB|

J(A, B) = AUD]

2

4 Result

4.1 Reproducibility

Table 2 reports IAA for the two tasks. Across tasks,
judges reach a fair to moderate level of agreement
according to empirical standards (Landis and Koch
1977; Zhang and Zhou 2014; Rajpurkar et al. 2016),
with average scores of K = 0.42 and J = 0.51,
and maximum scores of £ = 0.50 and J = 0.61.
Agreement is highest between Judge 2 and Judge 3,
suggesting that Judge 1 applied different criteria.

4.2 D Analysis

We analyze disagreement by computing the pro-
portion of pairwise label mismatches per task. For
each judge pair, we identify the labels on which
they disagreed and calculate their distribution. As
shown in Figure 2, the largest divergence arises in
the SExTENCE-LEVEL and LocaL categories, account-
ing for 39.7% and 36.4% of disagreements, respec-
tively, between Judge 1 and Judge 2.

To further examine this confusion, we merge re-
lated labels and recompute IAA. As shown in Ta-
ble 3, the primary source of disagreement across
judges lies in distinguishing SENTENCE-LEVEL from
Locar. Merging these categories increases agree-
ment from £ = 0.4995 to k = 0.58.

To better understand this ambiguity, we ana-
lyze qualitative feedback on the difficulty of dis-
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Figure 2: Distribution of ]:[ Task I label disagreements
across judge pairs (%).

Group Ji=J2 (A) Jo-J3 (A1) J3-J1 (Q)

L+S 0.482 (+0.093) 0.580 (+0.080) 0.454 (+0.090)
E+U 0411 (+0.022) 0.568 (+0.069) 0.411 (+0.046)
E+L 0.414 (+0.026)  0.500 (+0.001) 0.397 (+0.033)
E+S 0.372 (=0.016)  0.480 (-0.020)  0.340 (-0.025)
L+U 0.372 (-0.017)  0.463 (-0.036) 0.343 (-0.022)
S+U 0.298 (-0.091) 0.418 (-0.081) 0.264 (-0.100)

Table 3: Cohen’s k after merging two labels. Parenthe-
ses indicate the change from the original . The highest
agreement per column is shown in bold. Labels are ab-
breviated as L = Local, S = Sentence-level, E = Extended,
and U = Universal. Judges are abbreviated as J;.

tinguishing context-independent (SENTENCE-LEVEL)
from context-dependent labels. A recurring theme
is the treatment of pronouns. For example, when
the English pronoun “it” is translated into an equiv-
alent pronoun in Korean and judged correct, the
label is typically Sentence-LEVEL. By contrast, if
the same translation is considered inadequate—re-
quiring explicit mention of the referent noun—the
label shifts to LocaL. An illustrative case is shown
in Table 4. As Judge 2 noted, “the interpretation
of a pronoun’ s referent also influences verb choice,
and thus I categorize the sentence as Locar.”

% I bought it like that and couldn’t modify it,
so I had to design around it.

g TR HEE 2 Fe, £4Y
5> ol Al 2 Feofl BHH T Al oF 3
o],

g It was in that form from the moment I pur-
chased it, and since I couldn’ t change it, I
had to design everything to fit that shape.

Table 4: A notable instance of pronoun provoking fre-
quent misunderstanding between SENTENCE-LEVEL and
LOCAL labels. The source (SRC) and target (TGT) seg-
ments are exemplified with the help of back-translation
(BT).
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Figure 3: Distribution of D Task II label choices across domains and judges. Values are shown for the largest slices.

4.3 D Analysis

While sentence-level agreement on selected trans-
lation skills is limited, we analyze the distribution
of skill choices per domain and per judge. Fig-
ure 3 shows that the three judges assign broadly
similar proportions of skill labels across domains,
suggesting that individual-level disagreements in
exact label sets do not obscure shared evaluative
priorities.

Closer inspection reveals domain-specific em-
phases. In the social domain, judges consistently
highlight StyLe Recister (avg. 30.1%) and ReLa-
TIONAL ADDRESS (26.6%), reflecting the importance
of interpersonal stance in user-generated content. In
the news domain, MopaLity & Artitupe (28.6%) and
REFERENCE CoNsISTENCY (16.7%) dominate, consis-
tent with the demands for precision and coherence
in reporting—a tendency also observed in literary
text, where MopaLiTy & ArTiTUDE (23.5%) and REFER-
ENCE ConsisTENcY (18.9%) are most frequent. This
indicates that low pairwise agreement does not nec-
essarily reflect fundamental divergence, but rather
differences in specific label selection. At the same
time, the results point to a limitation of the current
protocol: constraining annotators to exactly three
skills per segment may not capture the full range of
relevant judgments.

5 Meta-Evaluation of FALCON

The highest human IAA in our configuration is
x = 0.50 for Task I and J = 0.61 for Task II. Using
these gold scores as reference, we evaluate the reli-
ability of FALCON as an LLM-as-judge framework.
As baselines, we test multiple proprietary mod-
els—OpenAl’s gpt-03, o4-mini, and the base-
line from Kim (2025), 4.1-mini. Model perfor-
mance is assessed using the same reproducibility
metrics defined in §3.4, complemented by accuracy

86

Group Pair acc (%) K
Jo, I3 70.09 0.4995
avs.a Ji,) 66.25  0.3883
J1,J3 62.92 0.3646
J3, 04-mini 53.89 0.2535
Ji, o4-mini 52.29 0.1788
Jo, 04-mini 51.67 0.1891
J3, 03 51.17 0.2059
avs. @ J,o03 5031  0.1484
J5, 03 49.57 0.1591
Ji,4.1-mini 42.77 0.0802
Jo, 4.1-mini 39.80 0.0478
J3,4.1-mini 39.68 0.0750
03, o4-mini 71.69 0.5239
& vs. @ 4.1-mini, o4-mini 47.22 0.2046
03, 4.1-mini 40.30 0.1068

Table 5: Pairwise accuracy and Cohen’s Kappa x by
human (&) and model (g groups for D Task 1.

for Task I, where the output is a single categori-
cal label, and Micro-F1 for Task II, where multiple
labels must be selected simultaneously.

5.1 D Reliability of context knowledge

Table 5 reports pairwise accuracy and IAA across
human—-human, human-model, and model-model
comparisons. The best-performing model, o4-
mini, achieves 53.89% accuracy, which falls short
of even the weakest human pair (Judge 1—Judge
3, 62.92%). No model approaches the agreement
level of the strongest human pair (Judge 2—Judge 3).
The concordance with human annotations remains
at most fair (x = 0.25 for 04-mini), underscoring
the limited ability of current LLMs to reliably dis-
tinguish context categories at a human-comparable
level.

To better understand this gap, we analyze which
labels drive model-human discrepancies. Figure 4
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Figure 4: D Task I label distribution of disagreements
between Judge 2 (&) and o4-mini (@), identified as
the most aligned human—model pair.

illustrates the disagreement distribution between
Judge 2 and o4-mini, the pair with the highest
human—model consensus. The largest share of di-
vergence arises from Sentence-LEVEL (50.9%) from
the human part and from LocaL (46.8%) from the
machine part. These categories mirror the main
sources of confusion among human annotators,
suggesting that while models replicate human-like
weaknesses, they lack the robustness to resolve such
ambiguities consistently.

5.2 D Reliability of translation skill

Table 6 shows that the strongest human—model
agreement is attained with o4-mini (J = 0.406),
substantially lower than both human—human and
model-model levels. Model precision reaches
53.6%, comparable to the earlier task, but still in-
sufficient to approximate human reliability. Inter-
estingly, model-model agreement is relatively high,
reaching up to J = 0.597, on par with the stronger
human—human pairs.

These findings suggest that models produce con-
sistent predictions across systems, yet this consis-
tency reflects shared internal heuristics rather than
alignment with human reasoning. While human an-
notators converge through pragmatic interpretation,
models seem to exploit surface-level patterns that
do not fully capture evaluative criteria. Closing this
gap demands not just higher accuracy, but agree-
ment with humans based on human-like reasoning.

5.3 Summary

The central hypothesis of FALCON—that document-
level evaluation can be approximated at the sen-
tence level—requires caution. Our results show
that judges often confuse adjacent levels of con-
text, underscoring the need for clearer definitions
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Group Pair avg. J1 f1
Jo-J3 0.6098 0.7183
avs.a -, 0.4629  0.5915
J1-J3 0.4529 0.5737
Jo, 04-mini 0.4067  0.5360
J3, o4-mini 0.3976  0.5272
Jo, 03 0.3970  0.5231
Ji, o4-mini 0.3912  0.5196
o vs. @ 1,03 0.3829  0.5099
Jo, 4.1-mini 0.3704  0.4931
Js3, 4.1-mini 0.3683  0.4893
Ji,4.1-mini 0.3660 0.4871
J3, 03 0.3625 0.4854
03, 0o4-mini 0.5972 0.7082
@ vs. @ 4.1-mini, o4-mini 0.4665 0.5948
4.1-mini, 03 0.4250  0.5554

Table 6: Average pairwise Jaccard Similarity J and Mi-
cro F1 between human (&) and model (i) groups for
[ Task I

of “context.” Furthermore, the low agreement in
Task II suggests that identifying universal transla-
tion skills solely from the source text risks poor
reproducibility of gold judgments.

6 Refined Protocol: H-FALCON

The current protocol of FALCON suffers from am-
biguous definitions of context and limited repro-
ducibility in skill selection, calling into question
its central hypotheses. Building on these findings,
we identify three structural limitations of FALCON:
unclear translation objectives for human evaluators,
the rigid requirement to assign exactly three skills
per sentence, and the lack of adaptability to the
domain and language pair.

To address them, we propose H-FALCON (Human-
centered FALCON), grounded in two revised hy-
potheses: (i) every sentence is influenced by con-
text, and (ii) judges should flexibly decide the num-
ber of translation skills.

6.1 Design

Given these assumptions, H-FALCON removes
Task I, since all sentences are subject to evalua-
tion. For ]:[ Task II, rather than selecting a fixed set
of relevant skills, judges directly evaluate the per-
tinence of each skill, thereby unifying annotation
and rating into a single step (Figure 1).

To support this protocol, every skill is initialized
as Nor ReLevanT. Judges then assign one of three
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Figure 5: Linear regression coefficients for o) udge 2 (Jo) and o] udge 3 (J3) with (b) and without (a) sentence-level
score. Features with scores near 0 have minimal influence on the holistic score.

ratings—HicH, Mepium, or Low—following House’s
theoretical framework (House, 2015). This triadic
scale replaces the 4-point scheme of Kim (2025), to
represent preliminary feedback from our evaluators
that three levels suffice, as discourse phenomena
often lend themselves to relatively clear judgments.

6.2 Experiment

To verify the reproducibility of the refined H-
FALCON protocol, we sample 300 new instances
from WMT24++ (Deutsch et al., 2025) that are not
included in the earlier experiments. Human evalua-
tion is conducted by Judge 2 and Judge 3, the pair
with the highest agreement in prior tasks.

The evaluation environment remains unchanged,
using the same platform as in Figure 10. In this
setting, judges simultaneously select and rate rele-
vant skills, eliminating the separation of annotation
and scoring. To provide additional baselines, we
also collect MQM-style sentence-level error anno-
tations on a 4-point scale and holistic quality scores
(sentence + document level) on a 10-point scale.
These parallel evaluations allow us to establish a
benchmark IAA threshold for H-FALCON and to ex-
amine relationships among the three metrics. All
ratings are obtained at the sentence level, and scale
variation is deliberately employed to minimize task
confusion.

The reliability of skill selection is measured by
excluding Nor ReLevanT labels and computing Jac-
card similarity between the two judges. Correla-
tions between evaluation metrics are quantified us-
ing Pearson, Spearman, and Kendall’ s tau coeffi-
cients.

6.3 Reproducibility of H-FALCON

The Jaccard similarity for overlapping translation
skills between the two judges is 0.532, remaining
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consistently low and consistent with the earlier ex-
periment. This highlights the inherent difficulty of
achieving consensus, regardless of the method of
label collection.

To further examine how the judges weigh each
skill when assigning holistic scores, we fit a linear
regression model for each judge, using the holistic
score as the dependent variable and the individual
label scores as predictors (with an intercept). This
analysis quantifies the relative contribution of each
skill while controlling for the others. As shown
in Figure 5 (a), the judges diverge most clearly on
ReLaTIONAL ADDRESS: Judge 2 associates higher holis-
tic scores with stronger performance in this skill,
whereas Judge 3 tends to assign lower scores. A sim-
ilar but weaker divergence is observed for REFERENCE
Consistency. Importantly, these opposite directions
remain significant within 95% confidence intervals,
underscoring that the divergence reflects genuine
differences in evaluative criteria rather than statisti-
cal noise. These divergent patterns suggest that the
guidelines for the labels may require refinement and
additional evaluator training to ensure consistent
application.

6.4 Further Analysis
H-FALCON score as a proxy measure

We examine whether the obtained labels can serve
as proxies for document-level scoring. Each an-
notation is assigned a numerical value (Hicu=3,
MepiumM=2, Low=1, Not RELEvanT=0), and scores
are computed either by aggregating values (“sum”

or by counting non-zero labels. Correlation be-
tween the two judges across sentence-, document-,
and holistic-level scores (Table 7) indicates that the
document-level scheme achieves agreement com-
parable to sentence-level evaluation (p = 0.55 vs.
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Figure 6: Distribution of the number of selected skills per sentence for each judge (left:

0.44). Notably, the counting method yields slightly
higher consensus (0.55 vs. 0.48), highlighting its
potential as an effective approach for annotating
document-level quality.

Type Pearson Spearman Kendall
Sentence-level 0.494 0.441 0.413
H-FALCON (sum) 0.499 0.483 0.378
H-FALCON (count)  0.562 0.545 0.486
Holistic 0.650 0.587 0.502

Table 7: Correlations between two raters across sentence-
level, document-level (using two aggregation styles), and
holistic scores.

Limited explanatory power of document-level
score

To further assess the relative impact of sentence-
and document-level features on holistic judgments,
we extend the regression model by adding the
sentence-level score as an independent variable. As
shown in Figure 5 (b), the sentence-level score is
the strongest predictor of holistic quality, with co-
efficients of 1.43 (95% CI: 1.22-1.63) for Judge 2
and 1.65 (95% CI: 1.49-1.82) for Judge 3.

Table 8 reports the explanatory power (R2) of
models with and without the sentence-level score.
Document-level scores alone account for little vari-
ance in holistic judgments (R? = 0.11), explain-
ing only 11% of the variance in holistic judgments.
However, incorporating the sentence-level score in-
creases explanatory power to 0.54 and reduces the
intercept from 7.11 to 2.29. These results confirm
that sentence-level quality is the primary driver of
holistic assessments.

At least one discourse feature per sentence

We calculate the number of translation skills an-
notated per judge. Figure 6 shows that every sen-
tence is annotated with at least one skill, most fre-
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Table 8: The explanatory power (R?) of models with
document-level score (Doc) and with document- and
sentence-level scores (Doc+Sent). Doc+Sent results are
highlighted.

quently with three to four skills (38.8% and 48.5%
for Judge 2 and Judge 3, respectively). This finding
challenges the claim that only a subset of sentences
requires contextual information (Castilho, 2022).
On the contrary, we emphasize that contextual infor-
mation can influence translation in all cases—even
for simple utterances such as “hi.” However, as
shown in the previous section, its impact on the
holistic score is relatively limited. Still, this does
not diminish the importance of document-level eval-
uation, which remains a key factor for distinguish-
ing higher-performing models.

7 Conclusion

Our findings challenge prevailing assumptions in
MT evaluation by demonstrating that contextual
information, though modest in magnitude, is both
universal and consequential for human judgment.
Operationalizing this insight, H-FALCON provides
a reproducible, context-aware evaluation protocol
that aligns as closely with human preferences as
traditional sentence-level approaches. These re-
sults underscore the need to move beyond narrow,
sentence-bounded metrics toward richer document-
level assessments that capture the pragmatic reali-
ties of translation quality. As MT performance con-
verges at the sentence level, such holistic, context-
sensitive evaluation will be essential for driving the
next phase of progress in the field.



8 Limitation

Our study is limited to a single mid-resourced lan-
guage pair. While this is acceptable given our focus
on the human evaluation setting—which is largely
consistent across languages—the reproducibility
and reliability of FALCON may be underestimated.
For the same reason, we did not experiment with
other open-weight models such as LLaMA or Mis-
tral.

On the human side, only three annotators were
engaged, one of whom showed notably divergent be-
havior. In addition, even under the refined protocol,
the consensus on translation skills remained low
(§ 6.3). These issues highlight the need for more
proactive calibration sessions among annotators.

Finally, we did not investigate how context
should be presented or which types of context were
most informative on the target side for FALCON. We
leave this as an avenue for future work.
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H-FALCON. Judge 1 was not hired for H-FALCON.

Appendix
A Evaluation Throughput

We calculate throughput per judge under two differ-
ent frameworks: FALCON and H-FALCON. The key
distinction is that the H-FALCON setting requires
both label annotation and rating, which introduces
additional cognitive load and time, whereas the FAL-
CON condition measures throughput without the
rating phase.

Figure 7 shows that throughput values are consis-
tently lower in H-FALCON than in FALCON, reflecting
the extra annotation steps. For example, the aver-
age throughput per judge decreases from 1.52-3.13
sent/min in FALCON to 0.88-1.23 sent/min in H-
FALCON. This suggests that rating is the most time-
consuming component of the evaluation: despite
H-FALCON consolidating the task into a single step,
throughput falls to less than half of FALCON, indi-
cating that the rating phase dominates the overall
processing time.

When examining domain-level performance in
Figure 8, consistent patterns emerge across both
setups. Social texts yield the highest throughput,
reflecting their relatively simple and conversational
style, while literary texts slow down judges the most,
likely due to complex syntax and stylistic density.
News texts fall in between, with moderate difficulty
and processing speed. This ordering is preserved
in both FALCON and H-FALCON, though absolute
throughput values are lower in the latter due to the
added annotation and rating tasks. These results
confirm that genre characteristics strongly shape
translation throughput, and that such effects remain
robust even under heavier annotation requirements.
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Figure 8: Throughput by domain and judge across FALCON and H-FALCON setups. Higher values indicate faster

processing.

B Descriptions of Context Levels

Sentence-level The sentence can be fully under-
stood and translated without any outside in-
formation. All necessary meaning is present
within the sentence itself — vocabulary, gram-
mar, and semantics are straightforward.

Local Understanding requires minimal surround-
ing context — maybe the previous or next sen-
tence — but nothing broader. Without it, pro-
nouns, references, or logical connectors might
be confusing.

Extended Grasping the meaning requires under-
standing the broader scene, paragraph, or emo-
tional flow. Cultural nuance, emotional under-
tones, or evolving character perspectives start
to matter.

Global The sentence depends on knowledge of the
entire work (novel, article, movie) or even mul-
tiple entries (book series, TV seasons). Impor-
tant world-building, character arcs, fictional
history, or long-term motifs influence mean-

ing.

Universal Understanding draws on extensive exter-
nal knowledge — history, philosophy, science,
mythology, social structures, or famous world
events. Without that shared knowledge, trans-
lation risks misfiring badly.

C Descriptions of Translation Skills

Information Density Does the sentence compress

information into abstract or complex structures
required by the genre or audience? Important
linguistic devices are nominalization, complex
noun phrases, embedded clauses, compound-
ing, metaphors, analogies, symbolic imagery,
etc.

Idea Development Do some elements in the sen-

tence influence the development of the central
theme and the rhetorical structure expected
by the genre? Important linguistic devices
are discourse markers, schematic structures
(e.g., introduction-body-conclusion), para-
graph transitions, etc.

Terminology Control Does the sentence have

technical or domain-specific vocabulary that
requires accurate and consistent use across an
entire text? Important linguistic devices are
technical nouns, specialized terminology, stan-
dard collocations, fixed expressions, etc.

Style Register Do some elements in the sentence

require a degree of linguistic politeness and
stylistic appropriateness suited to the context
and purpose of the text? Important linguistic
devices are lexical choice, pronoun usage, verb
conjugation, discourse markers, euphemisms,
idiomatic expressions, etc.

Reference Consistency Does the sentence contain

elements that refer to the same entity within



(a) [] Task I (b) [[] Task I1
Label Ji J2 J3  Avgt
STYLE REGISTER 21.26 20.77 21.67 21.23
Label Ji J2 Js Avgl RELATIONAL ADDRESS 19.70 19.28 16.44 18.47
SENTLEVEL 63.16 60.57 54.14 59.29 REFERENCE ConsisTENcY  13.51 1450 17.84 15.28
LocaL 23.11 21.76 26.33 23.73 MopALITY AND ATTITUDE ~ 17.39  14.05 12.48 14.64
UniversaL  10.88  13.23  10.01 11.37 TERMINOLOGY CONTROL 10.47 7.95 8.24 8.89
EXTENDED 2.84 4.08 952 548 IDEA DEVELOPMENT 507 7.62 770 6.80
GLOBAL 0.00 037 0.00 0.12 PARTICIPANT Focus 404 882 6.55 647
LoGICAL CONNECTIVITY 540 449 6.84 5.8
INFORMATION DENSITY 3.17 2.51 222  2.63

Table 9: Proportion of Task I, II labels annotated by three judges (%).

the text? The consistent use of such elements
creates connections and coherence and en-
sures clear identification of participants, ob-
jects, and ideas throughout the text. Impor-
tant linguistic devices are reference, substi-
tution of clause, gender/tense/number agree-
ment, deixis, ellipsis, repetition, synonymes,
etc.

Logical Connectivity Does the sentence have con-
nectors or structures that require clear expres-
sion of relationships — such as cause, contrast,
or sequence — between ideas? Important lin-
guistic devices are logical connectors (e.g.,
however, therefore), adversatives, causal link-
ers, etc.

Modality and Attitude Do some elements in the
sentence express possibility, obligation, cer-
tainty, or speaker/writer’s stance that con-
vey the text’s mood and tone? Important
linguistic devices are modal verbs and auxil-
iaries (e.g., must, might), evaluative adjectives
(e.g., important, unfortunate), stance adverbs
(e.g., perhaps, clearly, surprisingly), emotion-
ally charged expressions, subjunctive or con-
ditional constructions, etc.

Relational Address Does the sentence rely on an
understanding of the author’ s cultural, histori-
cal, or social background that affects his/her
voice, intent, and the nuanced relationships
with listener/reader? Important linguistic de-
vices are gendered forms, titles and vocatives,
pronoun, honorifics, relational expressions, so-
ciolect, etc.

Participant Focus Should the emphasis of the sen-
tence on key participants or elements (such as
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people, places, or objects) be preserved to con-
vey the original meaning across a text? Impor-
tant linguistic devices are subject-specific ter-
minology, transitivity structures (verb types,
selection of active/passive, selection of gram-
matical subject, use of nominalization instead
of verb), etc.

D Analysis of Collected Data

Table 9-(a) reports the number of annotations per
context type, indicating broadly consistent distribu-
tions across judges. Roughly 60% of sentences were
judged as translatable without additional context,
though the exact subset of sentences varied con-
siderably by annotator. Among context-dependent
categories, LocAL was the most frequent, averag-
ing 24%. By contrast, GLOBAL was almost never
selected, suggesting that this type of context is dif-
ficult to capture reliably at the sentence level.

Turning to translation skills in Table 9-(b),
STYLE REGISTER (21.23%) and RELATIONAL AD-
DRESS (18.47%) emerged as the most frequently
required skills, aligning with qualitative feedback
that highlights their importance in context-sensitive
translation. Conversely, INFORMATION DENSITY
was rarely chosen (2.6%), which may reflect ei-
ther limited judge awareness or the relatively low
salience of this feature in the dataset. These obser-
vations underscore the need for further clarification
of certain skill definitions to improve annotation
reliability.



Annotation results domain str source 3 #1565 [[] + :
[tvalue: {choices:
[Extended]}, id: literary *AIM FOR THEIR HEADS!" Source Text:
fO2ffyAXWv, from_name:
"AIM FOR THEIR HEADS!"
[{value: {choices o —_—
[Sentence-levell}, id: literary N ) ‘ need context 1
9AaQ93-wR9, from_name: yssi shouted.
[{value: {choices *No one benefits if women
[Sentence-levell}, id: news are held back,’ Rwanda
MGDdaBjYKS, from_name: President Paul Kagame said, .
Choose the highest level of context knowledge necessary to better translate
[{value: {choices: *People Swimming in the the given sentence.
[Sentence-levell}, id: news Swimming Pool" from 2022
N5JJhfnO4r, from_name: is one Vicente Siso artwork
Sentence-level?! Locall3! Extended!#! Global®! Universall®!
[{value: {choices: [Locall}, *Positive gender outcomes
id: koQkzH7I9E, news can be accelerated and . . . .
from_name: context, scaled with a better Choose the 3 MOST important translation skills to translate the given
sentence. If you chose Sentence-level, select None.
[{value: {choices: [Locall}, "Recent research
id: QlCPpGyNF, news demonstrates that both
from_name: context, social norms and mindsets Information Density!”! Idea Development!®! Terminology Control®! Style Registerl®!
Hvalue: {choices: ‘ “THAT'S GONNA BE Reference Consistency!@ Participant Focus™ Logical Connectivity'e! Modality and Attitude
[Sentence-levell}, id: literary TRICKY!"
fdT8ONPNON, from_name: :
PR from-name Relational Address!! Nonels!
[{value: {choices: [Locall}, "That was... one of the
id: TMWiBb7NCX, literary weirder shadowjumps I've L.
from_name: context, ever done.. Thanto Descriptions of Context Levels
[{value: {choices: "Vicente Siso: Memories of Sentence-level
[Sentence-levell}, id: news the Land and Water" opens Th be fully und dand ated with ide inf ion. Al
CVFdekQZZE, from.name: on Saturday, Jan. 13, with a e sentence can be fully understood and translated without any outside information. All necessary
meaning is present within the sentence itself — vocabulary, grammar, and semantics are
[{value: {choices straightforward.
"We have to change

[Sentence-levell}, id news d t just the laws."
CSogMaALqQ, from_name: (ot B, (LR o s Local
[valoe: feho Understanding requires minimal surrounding context — maybe the previous or next sentence — but

value: {choices - N N . ] -
[Sentence-levell, ic Starary "What do we do? Kayel..? nothing broader. Without it, pronouns, references, or logical connectors might be confusing.

QrehxQq72t, from_name:

[{value: {choices:
[Sentence-levell}, id
AErP_t6FP6, from_name:

social

Kayel, where are you?"

"What's actually in there?"

Extended

Grasping the meaning requires understanding the broader scene, paragraph, or emotional flow. Cultural
nuance, emotional undertones, or evolving character perspectives start to matter.

Figure 9: Label Studio interface for human evaluation in FALCON, showing labels of Task I and II. Expanded views
provide consistent explanations for each category.
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ELabeI Studio = Projects / Further Evaluation| / Labeling

u domain str source str tar (3 #5659 [|J + H
German farmers and train o) o g, Domain:
1 news drivers are scaring of Hoixls news
Germany's bosses
Source Text:
In Germany, where workers  S0jA< L}
a news 22:‘“2::::;::[\332ybig z;;:jz 24 Right now the country of "co-determination” is simultaneously facing an eight-day "action week" by irate
' o farmers, who blocked roads with tractors, a three-day strike of railway workers and, to top it off, a looming
strike of doctors, who already closed surgeries between Christmas and New Year's Day.
1 news A wave of big strikes is EERL
almost unheard of. teuc | Target Text:
e — [— "SESEYQ Lzt SU2 BX EAUE R T2 E S4IE A2 US| gUzto| Y Tt Bk LEAS2| 32Zto| niYd,
1 news *co-determination’ is cepz ooy 12|10 MATHSOR I2|A0tALL A Ato|ol| 0|0] TR E FTHIE |AHSQ] Ui QI#IIK| SAlol ZHaD JAELICE
simultaneously facing an 5050 8Y
This Mistgabelmop LS0M 0|4
1 news (pitchfork mob), as some Zz)olztn . . N o
have taken to calling 1t wil %2 9to= 4 Assess the above translation against the following 9 discourse phenomena
using a 3-point scale, where applicable.
The protests were Yoz
1 news ostensibly set off by the ELES) ) [Information Density] [Logical Connectivity]
government's decision to 2 sy
not relevantt! [ low!?  medium® high! not relevant™ [ lowl! medium  high®!
a These measures pushed ofafgt Fxj=
news farmers over the edge. # eHEeim, ) )
) ' [Idea Development] [Modality and Attitude]
It also mobilised other ojo| elZzjol 151 6l — < ahlel il il iumfe! ighlel
1 news g o a7 Fo) xp not relevant! low! medium! highl not relevant low! medium! highl
straining under the o= ofRige
[Terminology Control] [Participant Focus]
On January Othdriversof 18 9ol =
freight and trai Atel 0| |2k s q - q
B news a;eggeutzzhep;:i??:; rains ELhn)EI‘glg(‘ not relevant!®! low!®! medium!@ high*! not relevantl! low!¥! medium!" highl!
Inan effort to defuse the selso| uhts [Style Register] [Relational Address]
1 news tension with the farmers, oAl FHEE 3¢
E32 BAE<
Uormamieeien  EEAR not relevant!e! low!t! mediumf?! highls! not relevant!™ low medium high
The farmers pooh-poohed ooy o
1 news the concessions as cair [Reference Consistency]
insufficient.
al i1l iums! ightz!
I 19 420, 717 | not relevant! low! medium high!
1 news aggressive group of them £ 81|32 3%
prevented Robert Habeck, 78 Otx| 2 of
It also mobilised other ojo| eIZajjol4
1 news angry workers, already 2|3 Fyeo| xp
Ealnglnceiie °=0#82°  Rate the translation (1-4) based only on sentence-level errors: addition,
OnJanuary Sthariversof  12iooj==  Mistranslation, omission, untranslated text, grammar, inconsistency,
1 news freight and passenger trains ARl 0| |iH( . . A q
e e Bahnel 218 | punctuation, source issues, word order, and terminology. Ignore previously
rated translation skills, (1=lowest, 4=highest).
In an effort to defuse the SS9 urds
1 news tension with the farmers, A3l YL2E 3t
the government agreedtoa X3 thI &<
Rate the overall quality of the translation on a scale from 1 to 10, (1=lowest,
The farmers pooh-poohed =d =hi
A teang | 10=highest).
o 25=sictl
insufficient.
On January 4th an 1842, 24 .
1 EB aggressive group of them £ 313 2!

Figure 10: Interface of Label Studio for the human evaluation in H-FALCON. All translation skills are set to “not
relevant” by default, and both sentence-level and holistic scores are collected concurrently.
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Abstract

Multimodal Machine Translation (MMT) has
demonstrated the significant help of visual in-
formation in machine translation. However, ex-
isting MMT methods face challenges in lever-
aging the modality gap by enforcing rigid
visual-linguistic alignment whilst being con-
fined to inference within their trained multi-
modal domains. In this work, we construct
novel multimodal scene graphs to preserve
and integrate modality-specific information and
introduce GIIFT, a two-stage Graph-guided
Inductive Image-Free MMT framework that
uses a cross-modal Graph Attention Network
adapter to learn multimodal knowledge in a
unified fused space and inductively generalize
it to broader image-free translation domains.
Experimental results on the Multi30K dataset
of English-to-French, English-to-German, and
English-to-Ukraine tasks demonstrate that our
GIIFT surpasses existing MMT baselines even
without images during inference. Results on
the WMT benchmark show significant improve-
ments over the image-free MMT translation
baselines, demonstrating the strength of GIIFT
towards inductive image-free inference .

1 Introduction

Multimodal machine translation (MMT) aims to
improve traditional text-only neural machine trans-
lation (NMT) by incorporating multimodal data,
particularly visual inputs (Specia et al., 2016; El-
liott et al., 2017; Barrault et al., 2018). Existing
methods mostly focus on forcing the alignment be-
tween image and text to improve MMT, that they
have demonstrated the effectiveness benefited from
the aligned visual information in disambiguating
text (Ive et al., 2019; Zhao et al., 2022b; Futeral
et al., 2023). However, an aligned form of multi-
modal dataset in both the training and inference
phases has disabled the MMT model to generalize

'Code is available at:
GIIFT

https://github.com/xjiaf/
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Department of Advanced Information Technology
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Figure 1: The inductive image-free generalization of
GIIFT. GIIFT inductively learns from an entire multi-
modal domain, then enables image-free inference for
MMT or text-only NMT via cross-modal generalization.
In contrast, previous models can only learn from the

limited overlap between image and text in red.

Cross-modal
Adapter

Target
Text |

further in the normal pure-text machine translation
setup. Although the rich information of images can
bring benefits to translation beyond the level of text,
when aligned image information is indispensable
for inference in the translation process, the appli-
cation of MMT models will be severely limited.
Therefore, the inability to get rid of aligned images
in the inference phase is the critical bottleneck for
the flexible application of MMT models.

To address the bottleneck mentioned above,
there have been a few methods that attempt to ex-
plore resolutions for achieving image-free infer-
ence in MMT models. For example, synthesiz-
ing visual hallucination from text or textual scene
graph during training is used for the image-free
inference (Li et al., 2022; Fei et al., 2023); transfer
learning from the image-to-text captioning task to
the text-to-text translation task (Gupta et al., 2023).
However, none of these efforts has managed to
consistently reach the performance of fully bridg-
ing the gap between multimodal and image-free
inference. There are still critical challenges in ad-
vancing image-free inference in MMT.

First, previous models learn inadequately be-
cause they forcibly align the modality gap, typically
the intrinsic information imbalance between im-
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ages and texts (Schrodi et al., 2025). Consider the
case in Figure 1, this constraint limits image-free
inference generalized from only the red overlap
in the multimodal domain. Recent work (Ramas-
inghe et al., 2024; Schrodi et al., 2025), however,
shows that accepting this gap and exploiting the full
information (the entire collection in Figure 1) sub-
stantially enhances multimodal learning. Second,
current image-free MMT approaches fail to realize
cross-modal generalization, resulting in a marked
drop in image-free inference compared with tradi-
tional MMT with multimodal inference (Fei et al.,
2023). Third, current MMT models are transduc-
tive (Sutskever et al., 2014), which struggle with
inductively generalizing from multimodal domains
to text-only domains for broader applications. Fac-
ing these challenges, we investigate the follow-
ing research questions in this work: RQI: How
can we fully represent different modalities to em-
brace the modality gap? RQ2: Can we effectively
make image-free inference via cross-modal gener-
alization without downgrading performance? RQ3:
Can MMT have the inductive ability to generalize
multimodal domains to broader text-only domains?
We propose GIIFT, a two-stage Graph-guided
Inductive Image-Free MMT framework. As shown
in Figure 1, the GIIFT learns from the entire mul-
timodal domain in the first stage, and aims to
achieve inductive generalization for image-free
MMT or text-only NMT in the second stage.
Graph-structured novel Multimodal Scene Graph
(MSG) and Linguistic Scene Graph (LSG) are
proposed to represent the multimodal domain, in
which each modality informs and enriches the other
by graph representation in the unified space. Specif-
ically, we extract visual relationships from images
and linguistic relationships from text, then pre-
serve and integrate them via global super nodes
to construct MSGs. LSG is a linguistic version,
preserving linguistic relationships with global su-
per nodes. These relations’ and nodes’ features
are mutually enriched and uniformly initialized via
M-CLIP (Carlsson et al., 2022). To enable cross-
modal generalization to image-free or broader text-
only domains, GIIFT is designed with a cross-
modal GAT adapter to inductively learn multimodal
knowledge from the multimodal domain via MSGs
in the first stage, and generalize it for image-free
inference via LSGs in the second stage, based on a
replaceable backbone, mBART (Liu et al., 2020).
Overall, the main contributions are:
(i) We build novel MSGs and LSGs to fully rep-
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resent different modalities in a unified space for
embracing the modality gap.

(ii) We propose the two-stage GIIFT framework
with a novel lightweight GAT adapter to achieve in-
ductive cross-modal generalization for image-free
inference MMT via MSGs and LSGs.

(iii) Experimental results on En—{Fr, De, Uk}
Multi30K show that GIIFT outperforms most of
the existing MMT methods even without image
during inference. On En—{Fr, De} WMT, GIFT
surpasses the best image-free baseline, CLIPTrans,
by average gains of +1.92 (8.00%) BLEU and
+2.82 (4.80%) METEOR, demonstrating effective
induction from multimodal Multi30K to other text-
only NMT domains.

(iv) Further analysis demonstrates that the proposed
GIIFT can effectively embrace modality gaps via
MSGs and achieve robust image-free inference via
two-stage cross-modal generalization, and shows
that the GIIFT can achieve consistent performance
of fully bridging the gap between multimodal in-
ference and image-free inference.

2 Related Work

2.1 Multimodal Machine Translation

MMT research integrates visual and textual infor-
mation for machine translation with an increasing
number of models (Gronroos et al., 2018; Huang
et al., 2020; Zhao et al., 2022a; Cheng et al., 2024).
Early approaches commonly adopted RNN-based
architectures enhanced with attention mechanisms
to incorporate global or spatial visual features (Cal-
ixto et al., 2017). Transformer variants soon sup-
planted RNNs, introducing tighter cross-modal fu-
sion such as dynamic token re-weighting (Caglayan
et al., 2018; Lin et al., 2020), double attention
mechanisms (Zhao et al., 2020), gating mecha-
nisms (Wu et al., 2021), multimodal adapters (Zhao
and Calapodescu, 2022) or multi-granular fusion
via graph structures (Krishna et al., 2017; Wang
etal., 2018; Yin et al., 2020). Recent research lever-
ages pre-trained resources such as CLIP (Gupta
et al., 2023; Li et al., 2022) or BERT (Li et al.,
2020). Within the widely adopted encoder-decoder
framework, MMT research has progressed along
two fronts in representation and inference:

(1) Visual-linguistic representation. Most MMT
models enforce rigid visual-linguistic alignment.
Disambiguation work (Ive et al., 2019; Zhao et al.,
2022b; Futeral et al., 2023) links each textual to-
ken to a matching image region to resolve lexi-



cal ambiguity. UMMT(Fei et al., 2023) aligns
every hallucinated visual scene graph node with
textual counterpart. CLIPTrans (Gupta et al., 2023)
trains sequentially on two stages, image captioning
and the corresponding translation, enforcing align-
ment across both stages. Such alignments discard
modality-specific information by merely learning
the overlap between modalities.

(2) Image-free inference. Previous MMT relies
on access to the paired image at test time. To miti-
gate this limitation, researchers have pursued three
lines of work. First, retrieval-based models replace
the missing picture with visual features fetched
from an indexed caption-image bank into the de-
coder (Zhang et al., 2020). Second, hallucination
methods (Johnson et al., 2018; Li et al., 2022; Fei
et al., 2023) synthesize visual inputs from texts.
Third, using transfer learning to train the NMT
models with images (Gupta et al., 2023).

2.2 Graph Neural Networks

GNN is powerful in modeling relational structures
by leveraging message-passing mechanisms (Wu
et al., 2020; Liang et al., 2022), which itera-
tively aggregates and updates nodes’ representa-
tion with information from their neighbors, cap-
turing both local and global relational patterns.
Some GNNs, such as Graph Convolutional Net-
work (GCN) (Kipf and Welling, 2017) and its
variants, are only transductive, while others, in-
cluding GAT (Velickovi¢ et al., 2018), and Graph-
SAGE (Hamilton et al., 2017), also enable induc-
tive learning (Battaglia et al., 2018; Xiong et al.,
2025) to handle previously unseen nodes (Zhou
et al., 2020). GNNs also use hierarchical or global
pooling techniques (Ying et al., 2018; Lee et al.,
2019; Gao and Ji, 2019) to capture subgraph-level
or graph-level embeddings (Zhou et al., 2020).

3 Methodology

In this work, we construct unified MSGs and LSGs
to generalize multimodal knowledge for image-free
inference. We design the GIIFT framework with
two-stage continuous learning via a lightweight
GAT adapter for inductive cross-modal generaliza-
tion. Our methodology is structured as follows: 1)
We introduce the problem definition of our induc-
tive image-free inference (Subsection 3.1). 2) The
details of the MSG and LSG scene graph gener-
ation (Subsection 3.2). 3) The description of the
GIIFT framework (Subsection 3.3).

3.1 Problem Definition

Let D,,, be a multimodal multilingual dataset of
triplets (i, cs, ¢¢), where ¢ is an image and (cs, ¢¢)
are its source and target captions, and let D; be
a text-only parallel corpus of pairs (s, t;). Tradi-
tional MMT methods align ¢ with ¢s during training
and then perform image-free inference based on
that alignment, but the visual knowledge remains
tied to c; and D,,,. Our inductive image-free infer-
ence instead learns multimodal knowledge from ¢
and (cs, ¢;) in Dy, that cross-modally generalizes
to both D,,, or translation pairs (¢s,%;) € D;.

3.2 Scene Graph Generation

A woman in blue looks in a
black leather bag while sitting
on a bench during a sunny
afternoon while people and
limousines passed behind her.
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Figure 2: Representation of textual and visual informa-
tion via MSG. Corresponding objects, attributes, and
relations across both Textual Scene Graphs and Image
Scene Graphs are depicted using identical colors.

To preserve modality-specific information and ex-
tract complex relations (e.g., spatial relations, en-
vironmental scene, and event states of people and
objects) during data preprocessing, we use a multi-
modal Large Language Model (LLM) as the image
parser and an off-the-shelf text parser to build the
MSG and LSG, respectively. Figure 2 shows that
the MSG comprises an Image Scene Graph (ISG)
and a Textual Scene Graph (TSG), and a visual
super node to bridge ISG and TSG included in a
unified space, whereas the LSG replaces the visual
super node with a textual one and omits the ISG.

(1) Image Scene Graph. ISGs are obtained from
images 7 using LLaVA-34B (Liu et al., 2023). To
obtain coherent and well-structured outputs, we
set the sampling temperature to O for deterministic
generations and raise it to 0.4 for more challenging
cases requiring exploratory outputs. Our prompts
(details in Appendix A) comprise: (i) Task De-
scription, specifying how to formulate relations
and produce structured scene graph content; (ii)
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Figure 3: Left: Overview of the two-stage GIIFT framework. Stage 1: multimodal learning via MSGs. Stage 2:
cross-modal generalization via LSGs. Right: Overview of the architecture of the cross-modal GAT adapter, which
inductively learns and fuses the multimodal knowledge for the backbone, mBART.

Negative Examples, illustrating common errors
in output formatting and how to rectify them; (iii)
Format Examples, providing abstract but well-
formed scene graph templates without using spe-
cific objects, thus preventing prompt contamination.
Therefore, we generate ISGs with unique and rela-
tional visual information, such as event states.

(2) Textual Scene Graph. TSGs are parsed by
FACTUAL (Li et al., 2023) from texts cs or ts.
FACTUAL is lighter and more efficient than LLMs
for large-scale corpora. TSGs encode entities and
their relations as the textual analogue to ISGs.
Thus, we obtain TSGs with structured linguistic
relationships and unique semantic information.
(3) Multimodal Scene Graph. For each pair
(i, cs), we merge the ISG and TSG into an MSG by
introducing a super node that encodes holistic im-
age embeddings from the M-CLIP image encoder.
This super node connects to all ordinary ISG and
TSG nodes to unite modality-specific information
and deliver diverse granular information, serving
as a critical bridge to accept the modality gap and
build multimodal relationships. We embed all ordi-
nary node and relation features by the M-CLIP text
encoder, enabling a unified representation of multi-
modal relationships and inductive foundations.

(4) Linguistic Scene Graph. For cross-modal gen-
eralization, we construct the LSG for text pairs
(ts, t) by retaining only the TSG with a super node
representing the entire text embedding via the M-
CLIP text encoder, which shares the unified hidden
space with MSG’s. Similarly, we embed all ordi-
nary nodes and edges using the M-CLIP text en-
coder. The super node connects to all ordinary TSG
nodes, enabling multi-granular textual information
for image-free inference.
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3.3 GIIFT Framework

Harnessing scene graphs as modality-bridges, GI-
IFT uses MSGs and LSGs, which are inductively
learned for multimodal knowledge and generalized
for image-free translation, respectively, via an es-
sential cross-modal GAT adapter to guide the back-
bone mBART in two-stage training pipelines. The
proposed lightweight GAT adapter is completely
decoupled from the pre-trained mBART backbone
(as shown in Figure 3), which can be flexibly in-
corporated with other language models for deploy-
ment.

3.3.1 Two-stage Training Framework

Stage 1: Multimodal Learning via MSG. As
shown in Figure 3 (Left), Stage 1 trains a shared
GAT adapter on MSGs from paired images and cap-
tions, inducing multimodal knowledge that guides
image-free translation. Within the MSG, /\/'Z-SG is
the neighbors of the ordinary node ¢ from ISG or
TSG, reflecting the structured relationships from
image or text. The embedding ZZ@ of node ¢ at
layer [, (0 < I < L) in GAT is calculated recur-

sively as:
I l -1 -1
20 = o(Y ol o(W(z! V|12 V|E,)
JENFE
1-1)

! -
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Here, Zl(-l_l) is the embedding of node ¢ at the pre-
vious layer (with initial node embedding ZZ(-O) via
M-CLIP text encoder), Zgl\? U 'is the global multi-
modal embedding from the super node at layer [ — 1
which is passed to all the ordinary nodes, and E;;
or E; sn denotes edge embedding of the relation-

ships in the scene graph via M-CLIP text encoder,

the ag-) and a%N are attention weights, o(-) is



an activate function and ¢(-) is the LeakyReLU.
E;; is the embedding of the relation content in the
scene graph, obtained with the M-CLIP text en-
coder, whereas E; N is the embedding of the edge
between the super-node and each ordinary node .
Because these super-node edges have no textual
content, we initialize E; sy as a ones vector whose
dimensionality matches that of the embeddings pro-
duced by the M-CLIP text encoder.

From Eq. (1), we can observe that the shared
weight W enables learning of multi-granular mul-
timodal relationships by jointly processing local
textual embeddings from ISG or TSG nodes (MSG)
and global multimodal context from the super node.
This shared weight W is crucial in capturing these
multimodal relationships and will be leveraged for
the cross-modal generalization process in Stage 2.

The initial MSG super node provides the global
image embedding Zg/lﬁ GO and aggregates infor-
mation from all ordinary nodes as follows:

MSG(l) Z O‘f(s% o
ic NMSG

2

where Ngy MSG contains all ordinary nodes in MSG.

Through the Global Attention Pooling (Li et al.,

2015) layer in the GAT adapter, we then obtain the
multimodal graph representation Zg/ISG € Dpy:

= AttnPool({ZM5¢ : i € Vysa}), (3)

where V\isq denotes the set of nodes in the MSG,
including ordinary nodes and the super node.
ZMSG is then fed into the decoder for translation.
The encoder remains frozen and the decoder learns
a balanced representation to generate translations
based on the gate mechanism (see Eq. (8)) between
multimodal representations Zg’[SG and the source
embedding H.
Stage 2: Cross-modal Generalization via LSG.
As shown in Figure 3 (Left), Stage 2 inputs the
same GAT adapter with LSGs built from texts, al-
lowing multimodal knowledge to be cross-modally
generalized to broader image-free domains. In the
LSG, each ordinary node 7 represents a textual en-
tity with the initial embedding Z'*)
node of the global text embedding, Z LSG(O) by the

M-CLIP text encoder. The embedding Zl(» )
i at the layer [ for an ordinary node is:

MSG
Zg

and a super

of node

l l -1 -1
2 = o(3 oWzl V)28V |Ey)
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The LSG super node is updated as:

LSG
- U ZaSN z
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)
with NEEC denoting all LSG ordinary nodes. The
LSGs help the generalization of shared multimodal
knowledge weight W from D,, in Stage 1 to the
image-free domain D; in Stage 2.

Similar to Eq. (3), we obtain the graph repre-
sentation of LSG ZIS;SG. The mBART decoder is
enhanced by generalized knowledge ZI!;SG from
D,,, and adapted to the image-free domain D; with
unfrozen mBART encoder hidden state.

3.3.2 Cross-modal GAT Adapter

We employ a multi-layer GAT with residual con-
nections (He et al., 2015; Velickovié et al., 2018;
Li et al., 2019) to learn multimodal knowledge
and cross-modally generalize it to a broader image-
free domain. Figure 3 (Right) shows the architec-
ture of the GAT adapter fusing the output from the
mBART encoder and enhancing the mBART de-
coder. We denote Z,, as the graph representation
of MSG or LSG by the Global Attention Pooling.
The fusion output O between the graph represen-
tation Z, and mBART encoder hidden states H is
performed via the cross attention as:

A = MultiHeadAttn(H, Z,, Z,) + H  (6)

O = LayerNorm(Dropout(A)) (7

A gate mechanism g balances the embedding flow:
g = o(W2ReLU(W,[O|H])) ®)

H' = LayerNorm(g ® O + (1 —g) ©H) (9)

where © denotes element-wise multiplication and
[-||-] represents concatenation, H' is the input of
mBART decoder. This two-stage process demon-
strates the central inductive role of the cross-modal
GAT adapter in representing and generalizing struc-
tured multimodal relationships.

4 Experiments

Datasets. We conduct experiments on two
benchmarks: Multi30K (Elliott et al., 2016) and
WMT2014 (Bojar et al., 2014). Multi30K is a
widely used MMT benchmark as a multilingual ex-
tension of the Flickr30k. WMT is a text-only mul-
tilingual NMT dataset. For evaluation, we conduct
EN—{DE, FR} translation tasks on Multi30K’s
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Model EN — DE EN — FR Mean A
Test2016  Test2017 MSCOCO | Test2016 Test2017 MSCOCO
mBART (NMT backbone) (Liu et al., 2020) 41.12 36.63 32.89 63.37 57.01 47.28 -2.08
MMT Model with Multimodal Inference
DCCN (Lin et al., 2020) 39.70 31.00 26.70 61.20 54.30 45.40 -5.41
GMNMT (Yin et al., 2020) 39.80 32.20 28.70 60.90 53.90 - -5.14
Gated Fusion* (Wu et al., 2021) 42.00 33.60 29.00 61.70 54.80 44.90 -4.13
WRA-MNMT (Zhao et al., 2022b) 39.30 32.30 28.50 61.70 54.10 43.40 -5.02
UMMT# (Fei et al., 2023) 37.40 - - 56.90 - - -7.68
Soul-Mix (Cheng et al., 2024) 44.24 37.14 34.26 64.75 57.47 49.25 -0.61
GIIFT (with image) 43.32 37.47 34.66 65.17 59.11 49.76 -0.21
MMT Model with Image-free Inference
ImagiT (Long et al., 2021) 38.50 32.10 28.70 59.70 52.40 45.30 -5.68
VALHALLA (Li et al., 2022) 41.90 34.00 30.30 62.20 55.10 45.70 -3.58
VALHALLA* (Li et al., 2022) 42.70 35.10 30.70 63.10 56.00 46.50 -2.78
UMMT (Fei et al., 2023) 32.00 - - 50.60 - - -13.53
CLIPTrans (Gupta et al., 2023) 43.87 37.22 34.49 64.55 57.59 48.83 -0.7
GIIFT (image-free) 44.04 38.41 34.94 65.61 58.05 49.72

Table 1: BLEU on the Multi30K. A is gap vs. “GIIFT (image-free)”. “GIIFT (with image)” is trained and tested
with images and texts in only one stage with unfrozen mBART. * represent ensembled models, # denotes the model
trained and tested with images and texts.

Model EN — DE EN — FR Mean A
Test2016  Test2017 MSCOCO | Test2016 Test2017 MSCOCO
mBART (NMT backbone) 69.59 65.07 60.15 82.40 77.63 71.58 -1.35
MMT Model with Multimodal Inference
DCCN (Lin et al., 2020) 56.80 49.90 45.70 76.40 70.30 65.00 -11.73
GMNMT (Yin et al., 2020) 57.60 51.90 47.60 74.90 69.30 - -9.72
Gated Fusion®* (Wu et al., 2021) 67.80 61.90 56.10 81.00 76.30 70.50 -3.48
WRA-MNMT (Zhao et al., 2022b) 58.30 52.80 48.50 76.30 70.60 63.80 -8.92
UMMT# (Fei et al., 2023) 57.20 - - 70.70 - - -13.42
Soul-Mix (Cheng et al., 2024) 69.93 63.59 59.94 83.24 78.23 73.48 -1.01
GIIFT (with image) 70.65 65.59 61.37 83.32 78.95 73.98 -0.10
MMT Model with Image-free Inference
ImagiT (Long et al., 2021) 55.70 52.40 48.80 74.00 68.30 65.00 -11.72
VALHALLA (Li et al., 2022) 68.80 62.50 57.00 81.40 76.40 70.90 -2.92
VALHALLA* (Li et al., 2022) 69.30 62.80 57.50 81.80 77.10 71.40 -2.43
UMMT (Fei et al., 2023) 52.30 - - 64.70 - - -18.87
CLIPTrans (Gupta et al., 2023) 70.22 65.43 61.26 82.48 77.82 72.78 -0.75
GIIFT (image-free) 71.08 65.88 61.66 83.65 78.36 73.86

Table 2: METEOR on the Multi30K. A is gap vs. “GIIFT (image-free)”. “GIIFT (with image)” is trained and tested
with images and texts in only one stage with unfrozen mBART. * represent ensembled models, # denotes the model
trained and tested with images and texts.

Model

EN — UK

Test2016

Test2017

MSCOCO

BLEU METEOR

BLEU METEOR

BLEU METEOR

mBART
CLIPTrans
GIIFT (image-free)

53.43 74.67
54.01 74.76
55.10 75.18

46.05 68.86
46.30 69.23
47.85 70.01

44.05 66.75
44.11 66.87
44.93 67.05

Table 3: BLEU and METEOR on EN — UK (Ukraine)

task of the Multi30K.
Model EN — DE EN — FR
BLEU METEOR | BLEU METEOR

mBART 15.58 41.18 26.50 52.06

CLIPTrans 16.63 42.13 26.78 51.76
(w/o. Stage 1) 17.60 42.81 27.71 53.38

GIIFT (image-free) | 18.10 43.88 28.70 54.58
(w/o. Stage 1) 17.79 43.01 27.89 53.45

Table 4: Comparison of domain generalization on text-
only WMT. “(w/o. Stage 1)” denotes model trained
without image involvement from Multi30K.

three standard test splits: Test2016, Test2017,
and MSCOCO. We also train and test EN—{DE,
FR} on WMT with multimodal knowledge from
Multi30K to evaluate the inductive image-free in-
ference. We downsample WMT train set matching
Multi30K’s size, while keeping the validation and
test sets unchanged.

Implementation Details. We train GIIFT on an
A100 GPU, with AdamW optimizer (polynomial
decay). The batch size is 64, learning rate is 2e >
(Stage 1) and 1e~® (Stage 2). The GAT Adapter
is 9 layers with the same 1024 dimensions as M-
CLIP. Text decoding is beam search with size 5.
Implementations are in PyTorch and Huggingface
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Transformers library. We report BLEU (Papineni
et al., 2001) and METEOR via SacreBLEU (Post,
2018) and the evaluate library (Banerjee and Lavie,
2005), respectively. Results are three-run averages
with early-stop patience 5 on BLEU. We chose
mBART as our backbone to ensure a fair compari-
son with baselines such as CLIPTrans (Gupta et al.,
2023) and to highlight our improvements. All ta-
bles bold the best and underline the second-best.
Baseline figures are derived from papers or reposi-
tories. All the numbers of each model reported are
from their fine-tuned version on the corresponding
dataset.

4.1 Results on Multi30K

Table 1 and 2 contain translation performance com-
parison of BLEU and METEOR on EN—{DE,
FR} tasks of Multi30K. Table 3 shows the BLEU
and METEOR on EN — UK (Ukraine) task of
Multi30K compared with baselines. “GIIFT (with
image)” is a single-stage variant where both train-
ing and testing use paired images and texts, and the
mBART backbone remains fully unfrozen through-
out. “GIIFT (image-free)” is the full image-free
model trained in two-stage framework as Subsec-
tion 3.3.

From Table 1 and 2, we observe that GI-
IFT (image-free) surpass the strongest base-
line, Soul-Mix (even tested with images), with
an average gain of +0.61 (1.37%) BLEU and
+1.01 (1.55%) METEOR, and over the best scene-
graph-based image-free baseline, UMMT, by
+13.525 (42.27%) BLEU and +18.865 (36.07%)
METEOR. It shows the effectiveness of GIIFT by
preserving the entire information from images and
texts.

Moreover, the GIIFT (image-free) model with
cross-modal generalizing multimodal knowledge
for image-free inference and GIIFT (with image)
with multimodal inference secure top-two ranks
on 5 out of 6 benchmarks with overall parity. GI-
IFT (image-free) even surpasses GIIFT (with im-
age) by +0.21 (0.63%) BLEU and +0.1 (0.17%)
METEOR on average. In contrast, UMMT de-
grades dramatically without images, scoring on
average -5.4 (-12.76%) BLEU and -5.45 (-8.53%)
METEOR below UMMT# with multimodal infer-
ence. This demonstrates that the GIIFT has the
robustness of cross-modal generalization for image-
free inference, which can mitigate the gap between
multimodal inference and image-free inference.

From Table 3, we can find that GIIFT (image-

free) consistently outperforms both mBART and
CLIPTrans baselines on the EN—{UK} task of
Multi30K. We can observe that GIIFT achieves an
average of +1.45 higher than mBART and +1.15
higher than CLIPTrans in BLEU; and an average of
+0.65 higher than mBART and +0.46 higher than
CLIPTrans in METEOR. It shows the effectiveness
of GIIFT by preserving and learning multimodal
information from images and texts for cross-modal
generalization.

4.2 Results on WMT

In Table 1, CLIPTrans outperforms other image-
free inference baselines, so we adopt it as our pri-
mary baseline and use its official repository for
experiments. Like GIIFT (image-free), this two-
stage mBART-based model is trained with Stage 1
on Multi30K and Stage 2 on WMT. The results
of CLIPTrans and GIIFT in Table 4 are obtained
under the same model parameter setup.

Table 4 shows that GIIFT achieves the highest
BLEU and METEOR scores overall, while also
significantly outperforming GIIFT (w/o. Stage 1)
trained without images from Multi30K on both
metrics. This validates GIIFT’s inductive ability
to achieve robust image-free inference via cross-
modal generalization.

The difference between CLIPTrans and GIIFT
stems from how each model handles the modality
gap and the resulting impact on cross-modal gen-
eralization. CLIPTrans attempts to align images
to textual captions for transferring the Stage 1 vi-
sual features into Stage 2 caption translations via
a mapping network, which limits the multimodal
correlation for cross-modal generalization. By con-
trast, GIIFT can effectively embrace the modality
gap via graph-guided fusion and achieve inductive
generalization via a cross-modal GAT adapter. In
Stage 1, all the modalities are learned and repre-
sented in a unified multimodal knowledge space
via multimodal scene graphs (MSGs). In Stage 2,
the proposed cross-modal GAT adapter generalizes
that knowledge into the text-only domain via the
assistance of linguistic scene graphs (LSGs). Bene-
fit from a two-stage inductive learning via MSGs or
LSGs, GIIFT shows better performance in achiev-
ing robust image-free inference performance.

4.3 Human Evaluation

Table 5 presents human evaluation on the Multi30K
EN—FR test set using a 10-point Likert scale for
completeness, ambiguity, and fluency, alongside
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Model BLEU Complet 1 Ambiguity | Fluency 1
mBART 63.37 7.0 73 8.1
CLIPTrans 64.55 8.0 55 8.8
GIIFT (image-free)  65.61 9.3 4.6 9.5
(w/o. Stage 1) 6491 8.8 5.1 9.0

Table 5: Human evaluation metrics (10-point Likert
scale) and BLEU scores on Multi30K EN—FR task.

BLEU scores for reference.

Results in Table 5 show that our GIIFT substan-
tially enhances key translation dimensions that cor-
relate with human satisfaction. Compared with
the baselines, GIIFT significantly outperforms in
completeness, indicating that the model can uti-
lize more multimodal context information. GI-
IFT achieves the highest completeness, fluency rat-
ings, and the lowest ambiguity among all baselines,
demonstrating practically meaningful gains even
when BLEU is already high. These gains highlight
that our method delivers practical improvements
across dimensions that BLEU alone cannot capture.

4.4 Comparison with Multimodal LL.Ms

Table 6 shows the experimental comparison of
BLEU and METEOR on EN—{DE, FR} tasks of
Multi30K with multimodal LLMs.

We use an RTX A6000 GPU to employ
LlaVA-7B, LlaVA-34B (Liu et al., 2023) and
Llama3-70B (Grattafiori et al., 2024) based on
Ollama. We adopt LLaVA’s few-shot inference
paradigm (Brown et al., 2020) by prompting the
model with a small set of (image, source caption,
target translation) examples drawn from Multi30K
and then asking it to translate a new image’s cap-
tion into the target language.

From Table 6, we observe that our GIIFT
achieves the highest BLEU and METEOR scores
on EN—{DE, FR} benchmarks, with significant
improvements over mBART and LLMs. These re-
sults confirm the effectiveness of our GIIFT model
and show that compact, domain-specialized multi-
modal MMT models can outperform larger general-
purpose LLMs on the translation task.

Considering the parameter complexity compared
with multimodal LLMs, the GIIFT only intro-
duced the GAT adapter in the framework, which is
lightweight and efficient for training. For instance,
the mBART backbone has approximately 600M
parameters, while our GIIFT framework adds only
about 33.2M parameters in total, approximately
27M in the GAT adapter layers and 6.2M in the
gated fusion layer. Although LLaVA has far more
parameters for supporting broad capabilities, our

GIIFT’s parameters are wholly devoted to yielding
greater efficiency and accuracy for the translation.

4.5 Ablation Study

To further verify the effectiveness of the different
components in the GIIFT framework, we showed
the experimental results of the ablated versions in
Table 7 on EN—{DE, FR} Multi30K.

As shown in Table 7, the GIIFT (image-free)
with two-stage continuous learning by the proposed
GAT adapter achieves the best performance across
all benchmarks. Removing the gating mechanism,
GIIFT (w/o. gate), results in a more significant re-
duction in BLEU and METEOR scores, underscor-
ing the critical balancing role of the gating mecha-
nism to fuse multimodal knowledge and mBART
information. Additionally, omitting the multimodal
learning stage 1, GIIFT (w/o. Stage 1), leads to a
decrease in performance, highlighting the impor-
tance of learning generalizable multimodal knowl-
edge from MSGs. The performance of GIIFT (un-
frozen) is significantly lower than GIIFT (image-
free), and closer to the backbone model mBART.
This underscores freezing the mBART encoder in
Stage 1 to maintain its stable embedding. Com-
pared with the backbone mBART, there is a substan-
tial drop in BLEU and METEOR, which demon-
strates the effectiveness of the GIIFT framework in
learning multimodal knowledge and cross-modal
generalization for image-free inference.

5 Case Study

To investigate the advantages of GIIFT, we examine
cases in comparing: the GIIFT (image-free), which
learns multimodal knowledge from MSGs for cross-
modal image-free generalization via LSGs; GI-
IFT (w/o. Stage 1), which only learns linguistic re-
lationships from LSGs; and the text-only mBART.

(i) Environmental scene. In Figure 4 (left),
GIIFT (image-free) and GIIFT (w/o. Stage 1)
both correctly capture the spatial preposition “on”
through MSG or LSG, respectively, despite the
source English caption omitting the spatial infor-
mation. But lacking the scene graph, mBART pro-
duces imprecise translations without “on”, which
highlights the functions of LSGs to guide the learn-
ing and generalize the spatial relation knowledge.
This case shows that LSGs guide GIIFT to better
generalize spatial relation information from MSGs’
multimodal knowledge in Stage 2 for image-free
translation inference. Additionally, as shown in
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Model EN — DE EN — FR
Test2016 Test2017 MSCOCO Test2016 Test2017 MSCOCO
BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR
LlaVA-7B 2715 5854 | 2370 5205 | 1954 4777 | 3567 6557 | 3479 6294 | 3500  62.87
LlaVA-34B 2530 5876 | 25.16 5558 | 2204  S1.53 | 4025 6947 | 3895 6736 | 39.99  68.82
Llama3-70B 4049  69.09 | 3612 6506 | 3438 6086 | 5095  77.13 | 49.39 7454 | 4938  73.39
mBART 4112 6959 | 3663 6507 | 3289  60.15 | 6337 8240 | 5701  77.63 | 4728 7158
GIIFT (image-free) | 44.04  71.08 | 3841 6588 | 3494  61.66 | 6561  83.65 | 5805 7836 | 49.72  73.86
Table 6: Comparison with Multimodal LLM on Multi30K.
EN — DE EN — FR
Model Test2016 Test2017 MSCOCO Test2016 Test2017 MSCOCO
BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR
mBART (backbone) | 41.12 6959 | 36.63 6507 | 3289  60.15 | 6337 8240 | 5701  77.63 | 4728 7158
GIIFT (w/o. Stage 1) | 43.63 7095 | 3776 ~ 6549 | 3447 6081 | 6491  83.07 | 57.71 ~ 7801 | 4895  73.20
GIIFT (w/o. freezing) | 42.84 7037 | 3724 6535 | 3438  60.69 | 63.74  82.62 | 5652 7723 | 4892 7254
GIIFT (w/o. gate) 43.50 7095 | 3796  65.11 | 3385 6021 | 64.14 8261 | 5758  78.00 | 48.59  72.90
GIIFT (image-free) | 44.04  71.08 [ 3841 6588 | 3494  61.66 | 6561  83.65 | 5805 7836 | 4972  73.86

Table 7: Ablation study on Multi30K. “GIIFT (w/o. freezing)” has an unfrozen mBART encoder in Stage 1.
“GIIFT (w/o. Stage 1)” is trained without images. “GIIFT (w/o. gate)” is trained in two stages without gate fusion.

MSG

Source
Caption

Target
Caption

GIIFT
(ours)

GIFT
(w/o. Stage 1),

mBART

aperson on a
motorcycle is positioned on

a hillside

is riding down

a dirt track

Image Scene Graph (ISG)

ride down
n—(

ride is

Textual Scene Graph (TSG)

person with sign tree with white
is holding up flowers

is standing on is in the background

st 1 | are gathered_|additional
p i around people

Image Scene Graph (ISG)

i instrument

watch

Textual Scene Graph (TSG)

two is

hold

{ a young boy in a white and green }

soccer uniform

is standing on

|
a grassy a soccer ball on
field the ground

Image Scene Graph (ISG)
ek — ()

is

is running towards

kick

Textual Scene Graph (TSG)

A person rides a motorbike down a dirt hill.

Many people are gathered to watch two men who are an instrument and

holding a sign.

A young man gets ready to kick a soccer ball.

Eine Person fihrt auf einem Motorrad einen
Erdhiigel hinunter.
(A person rides on a motorbike down a dirt hill.)

Viele Menschen haben sich versammelt, um zwei Ménnern zuzusehen,
die ein Instrument spielen und ein Schild halten.
(Many people have gathered to watch two men who are playing an
instrument and holding a sign.)

Ein junger Mann macht sich bereit, einen Fufiball zu
schiefien.
(A young man gets ready to shoot a soccer ball.)

Eine Person fihrt auf einem Motorrad einen
Erdhiigel hinunter.
(A person rides on a motorbike down a dirt
hill. (BLEU: 100.00))

Viele Menschen haben sich versammelt, um zwei Ménnern zuzuschauen,
die ein Instrument spielen und ein Schild halten.
(Many people have gathered to watch two men who are playing an
instrument and holding a sign. (BLEU: 80.32))

Ein junger Mann macht sich bereit, einen Fufiball zu
schielen.
(A young man gets ready to shoot a soccer ball.
(BLEU: 100.00))

Eine Person fihrt auf einem Motorrad einen
unbefestigten Hiigel hinunter.
(A person rides on a motorcycle down an
unpaved hill. (BLEU: 63.16))

Viele Menschen sind versammelt, um zwei Miinner zu sehen, die ein
Instrument spielen und ein Schild halten.
(Many people are gathered to see two men who are playing an instrument
and holding a sign. (BLEU: 61.51))

Ein junger Mann macht sich bereit, einen FuBball zu
treten.
(A young man gets ready to kick a soccer ball.
(BLEU: 82.65))

Eine Person fihrt mit einem Motorrad einen
Hiigel hinunter.
(A person rides a motorcycle down a
hill. (BLEU: 29.85))

'Viele Menschen sind versammelt, um zwei Ménnern zuzuschauen, die ein
Instrument spielen und ein Schild halten.
(Many people are gathered to watch two men who are playing an

instrument and holding a sign. (BLEU: 67.30))

Ein junger Mann macht sich bereit einen Fufiball zu
treten.
(A young man gets ready to kick a soccer ball.
(BLEU: 55.10))

Figure 4: Under image-free inference, full GIIFT (image-free) is compared to GIIFT (w/o. Stage 1) and mBART on
Multi30K validation set. The italicized bracketed translations of the German caption mark the differences in red.

Figure 4 (left), the environmental scene “dirt hill”,
is only accurately translated by full GIIFT (image-
free) with multimodal knowledge from MSGs. GI-

IFT (w/o. Stage 1) and mBART, although “dirt” in

the source caption, produce imprecise translations,
reflecting overlooking of the modality-specific in-
formation. This case shows the effectiveness of
MSGs that can well embrace modality gaps by

multimodal graph fusion and fully preserve multi-
modal information for improving translation. Other
cases from Test2016 are shown in Appendix B.

(ii) Temporal states. In Figure 4 (middle), the
MSG captures a scene with “are gathered around
the stage or platform”, enabling full GIIFT to rec-
ognize it as a completed state and generate the

appropriate perfect tense in German. In contrast,
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both GIIFT (w/o. Stage 1) and mBART, limited
by modality gap, cannot capture the temporal state
from an aligned visual-linguistic space, which elim-
inates the unique temporal state from the image. So
they translate English “are gathered” directly into
the German present tense.

(iii) Action states. Figure 4 (right) shows the
MSG’s action state “is running towards” guides
GIIFT (image-free) to correctly translate the ac-
tion as “shoot” rather than “kick”. The visual in-
formation, available only through MSG, enables
the correct translation from multimodal knowledge.
GIIFT (w/o. Stage 1) and mBART, however, can
only literally translate to “kick” in German, which
also shows the importance of accepting different
modality-specific information rather than align-
ment.

6 Conclusion

This work introduces GIIFT, a two-stage graph-
guided inductive MMT framework, along with
novel Multimodal and Linguistic Scene Graphs.
GIIFT outperforms existing MMT models on
Multi30K even with image-free inference, demon-
strating the effectiveness of learning multimodal
knowledge in a unified space via MSGs and achiev-
ing cross-modal generalization via LSGs. Its
image-free performance remains robust, matching
its multimodal-inference counterpart. GIIFT also
outperforms both the text-only NMT backbone and
leading image-free MMT baselines on WMT, show-
ing effective induction of multimodal knowledge to
broader text-only domains. Further analysis high-
lights the advantages of multimodal graph-guided
generalization for image-free inference and con-
firms the effectiveness of the two-stage framework
with a lightweight but efficient GAT adapter for
cross-modal inductive learning.
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A Scene Graph Prompts for LLaVA

’

Please analyze the image provided and construct a structured scene graph, adhering to the following guidelines, and represent
it in a JSONL (JSON Lines) format:

1. Entities: List all significant objects or subjects visible in the image, which may include things, animals, or people.
Describe each entity in detail, noting their quantities, colors, and any distinctive features. Each description should be distinct
and consistent across the document to ensure clarity.

2. Relations: Define all pivotal relationships between the entities using tuples. Each tuple must maintain the exact
terminology used in the entities’ descriptions. These relationships should be expressed as triplets: [subject entity, predicate,
object entity]. Importantly, ensure that the scene graph forms a connected structure. Every entity appearing as a subject or
object in one relation must connect to another entity in a different relation, preventing any isolated nodes or subgraphs within
the graph. In cases involving an entity related to multiple others, such as being *between’ or ’consist of* them, express this
by dividing the relationship into distinct tuples using descriptors like ’is positioned between’ and ’and also between’ to
maintain clarity. Generate triplets with a subject, an active verb or relational word, and a distinct object. Each triplet should
clearly describe an action or relationship, avoiding states or implied conditions.

Avoid focusing on too detailed or minor elements that do not significantly contribute to the scene’s overall understanding.
Use active verbs that show a clear action or relationship. Avoid state or possession verbs like "have" that imply a condition
without a distinct action. Incorrect Relations Examples to Avoid:

non non

1.["one person in red shirt", "one dog", "one cat"] (lacks clear action)

Correct Relations Examples of the above, the number of the example is the same as the number of the incorrect example:

non

1.["one person in red shirt", "is holding", "a book"]

Key Point: Ensure every triplet uses an active verb or distinct relational word to connect the subject and object, clearly
describing a specific action or relationship and forming a triplet.

This structure ensures that the scene graph is comprehensive and interconnected, accurately reflecting the dynamics and
layout of the scene. The response must strictly follow the JSONL format specified here and not include any extraneous text.

This is a scene graph JSONL example response of the Example Image, the entity_descriptionsl, entity_descriptions2,
entity_descriptions3, entity_descriptions4 and entity_descriptions5 need to be replaced by specific entities in the image.
The relation word1, relation word2, and relation word3 are also need to be replaced by the specific action or relation you
observe in the given image. Also, the number of entities and relations is not fixed. It should depend on the given image. The
following scene graph JSONL is just an example. You need to describe the real relations based on your given image.

{"entities"”: ["entity_descriptionsi1”, "entity_descriptions2”, "entity_descriptions3”,
"entity_descriptions4”, entity_descriptions5], "relations”: [["entity_descriptions1”,
"relation word1", "entity_descriptions3"], ["entity_descriptions2”, "relation word2",
"entity_descriptions4”], ["entity_descriptions1”, "relation word3"”, "entity_descriptions5”]1]}

You must not include the word ’image’ in the scene graph JSONL. You must not copy the example above! You must describe
the entities and their relationships in the given image. Now, you must respond to the scene graph based on the image

provided! Straitly follow my instructions. Now what is the scene graph of the image?

We use an RTX A6000 GPU to employ Llava-34B.
For each query, the system info explains the task
description and provides guidelines for scene graph
generation in JSONL format. We also have a qual-
ity assessment script to discard any ISG data that
fails to meet our generation task description pre-
sented in the prompts. We take a temperature of 0
as the default for multimodal large language mod-
els (MLLMs) to have a relatively robust perfor-
mance. If the MLLM can’t generate scene graphs
that meet the requirements with a temperature of
0, we’ll switch to a temperature of 0.4. We ex-
clusively use MLLM for image preprocessing to
generate scene graphs according to our task de-
scription, with quality ensured by the script.
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Source
Caption

Target
Caption

GIIFT
(ours)

GIIFT
(w/o. Stage 1)

mBART

Several women are performing a dance in
front of a building

A crowd gathered around a park water fountain in the rain.

Mehrere Frauen fiihren vor einem Gebiude
einen Tanz auf.
(Several women perform a dance in firont of a
building.)

Eine Menschenmenge hat sich im Regen um einen Springbrunnen im
Park versammelt.
(A crowd has gathered in the rain around a fountain in the park.)

Mehrere Frauen fiihren vor einem Gebiude
einen Tanz auf.
(Several women perform a dance in front of a
building. (BLEU: 100.00))

Eine Menschenmenge hat sich im Regen um einen Springbrunnen im
Park versammelt.
(A crowd has gathered in the rain around a fountain in the park.
(BLEU: 100.00))

Mehrere Frauen fiihren vor einem Gebiude
einen Tanz vor.
(Several women present a dance in front of a
building. (BLEU: 78.25))

Eine Menschenmenge versammelt sich im Regen um einen
Springbrunnen im Park.
(A crowd is gathering in the rain around a fountain in the park.
(BLEU: 64.56))

Mehrere Frauen fiihren einen Tanz vor einem
Gebiiude auf.
(Several women perform a dance in-front-of a
building up. (BLEU: 33.03))

Eine Menschenmenge hat sich um einen Springbrunnen im Regen
versammelt.
(A crowd has gathered around a fountain in the rain in-the
park. (BLEU: 45.52))

Figure 5: Case study of GIIFT on image-free inference when compared to GIIFT (w/o. Stage 1) and the mBART.
Data points are drawn from the Test2016 set of Multi30K. The gold sentence represents the ground truth. The
italicised sentence in the bracket presents the English translation of the German text, while red words highlight the

crucial translation differences.

B Case Study on Multi30K Test2016 Set

As shown in Figure 5 (Left), our full model, GI-
IFT (image-free), correctly associates the text with
visual scene context to translate the separable verb
accurately, using “auf” to express the “perform”
action, whilst GIIFT (w/o. Stage 1) incorrectly
translates it as “vor” to express “present”. mBART
fails to properly understand the scene, resulting in
disordered word arrangement.

As shown in Figure 5 (Right), our full model,
GIIFT (image-free), correctly generalizes the tense
from textual to visual information, accurately trans-
lating the crowd’s gathered state as “has gathered”
rather than directly translating “gathered”. GI-
IFT (w/o. Stage 1) incorrectly translates it as the
progressive tense “is gathered”. Although mBART
uses the correct tense, it still fails to properly un-
derstand the scene context, omitting the location
“in the park” and misattributing the modifier “in the
rain”, leading to overall semantic confusion.

112



Specification-Aware Machine Translation and Evaluation for Purpose
Alignment

Yoko Kayano'

Saku Sugawara'?

'The Graduate University for Advanced Studies (SOKENDAI)
2National Institute of Informatics
{yokokayano, saku}@nii.ac. jp

Abstract

In professional settings, translation is guided
by communicative goals and client needs, of-
ten formalized as specifications. While exist-
ing evaluation frameworks acknowledge the
importance of such specifications, these specifi-
cations are often treated only implicitly in ma-
chine translation (MT) research. Drawing on
translation studies, we provide a theoretical ra-
tionale for why specifications matter in profes-
sional translation, as well as a practical guide
to implementing specification-aware MT and
evaluation. Building on this foundation, we ap-
ply our framework to the translation of investor
relations texts from 33 publicly listed compa-
nies. In our experiment, we compare five trans-
lation types, including official human transla-
tions and prompt-based outputs from large lan-
guage models (LLMs), using expert error analy-
sis, user preference rankings, and an automatic
metric. The results show that LLM translations
guided by specifications consistently outper-
formed official human translations in human
evaluations, highlighting a gap between per-
ceived and expected quality. These findings
demonstrate that integrating specifications into
MT workflows, with human oversight, can im-
prove translation quality in ways aligned with
professional practice.

1 Introduction

High-quality translation in professional settings re-
quires more than a literal rendering of the source
text. It must also fulfill a communicative purpose,
which depends on factors such as the intended func-
tion, target audience, and the broader context of
the original text (Reiss and Vermeer, 1984; Nord,
2006). A single source text may yield different
translations depending on these factors.

These contextual factors are typically docu-
mented as translation specifications. A specifica-
tion is a predefined set of conditions that guide the
translation process, including purpose, audience,
tone, style, and content priorities (ISO17100:2015;

JTF, 2018). They help translators make informed
decisions and ensure that the translation meets
user needs (Reiss and Vermeer, 1984; Nord, 2006).
Without such guidance, translators may struggle to
begin the process at all.

Specifications are also essential in transla-
tion evaluation. = Frameworks such as ISO
5060 and the Multidimensional Quality Metrics
(MQM) emphasize specification-based assessment
(ISO5060:2024; Lommel et al., 2013). Lommel
et al. (2013) state that “translation quality can only
be assessed in terms of whether or not a translation
meets specified requirements and meets its commu-
nicative purpose.” When specifications are absent
or vague, evaluations tend to focus on surface-level
features such as lexical accuracy or fluency, rather
than on whether the translation achieves its commu-
nicative purpose. This perspective is also central to
functionalist theories in translation studies, which
hold that quality should be judged by how well a
translation fulfills its intended purpose in the target
context, rather than by equivalence with the source
text (Reiss and Vermeer, 1984).

MQM is widely adopted in machine translation
(MT) research, including the Conference on Ma-
chine Translation (WMT), where it underpins hu-
man evaluation (Freitag et al., 2021, 2024; Zerva
et al., 2024). Its detailed error typology has con-
tributed to translation evaluation. However, specifi-
cations are often treated implicitly, and the idea of
translation as a goal-oriented process is not fully in-
tegrated into MT research. As a result, MT outputs
often fall short in real-world applications where
purpose and audience matter. This gap is increas-
ingly problematic as industry clients now expect
translations to serve specific business objectives
(Lommel et al., 2024a).!

In response, we propose a framework for
specification-aware MT and evaluation. Figure 1
outlines this framework, contrasting traditional

'See Appendix A for further discussion.

113

Proceedings of the Tenth Conference on Machine Translation, pages 113-141
November 8-9, 2025 ©2025 Association for Computational Linguistics



@ Traditional MT . Specification-Aware MT

Source Text w/ Specifications
@ Translation

v" Source Text Context

v’ Translation Purpose

S v’ Target Audience

%§ v’ Stylistic Requirements 2—

v’ Other Relevant Parameters
MT Output

T & Evaluation

Traditional

Translation

[3e

v’ Source Text Only

oYy
—
=7
=7
=7

Evaluation based on
Specifications

Evaluation

Evaluation

@ Generic?

Tailored to User Needs

Figure 1: Comparison of traditional MT pipelines,
based solely on the source text, and specification-
aware pipelines that incorporate contextual and purpose-
specific information.

MT pipelines with our approach, which incor-
porates contextual information and specification-
based evaluation. This approach reflects the func-
tionalist view that translation should be guided
by purpose, audience, and context. Incorporat-
ing specifications into MT workflows and evalu-
ation is essential for improving translation quality
in professional domains. To support this claim, we
present the theoretical foundation for understand-
ing the role of specifications in Section 3. We intro-
duce a practical guide based on international stan-
dards such as ISO 5060, ISO 17100, MQM, and
the JTF guidelines in Section 4 (ISO5060:2024;
ISO17100:2015; MQM, 2025; JTF, 2018). We
apply this framework to a case study in Section 5.

Our case study focuses on investor relations (IR)
texts from 33 publicly listed Japanese companies,
where alignment with specifications is crucial. We
compare five English translations: the company’s
official version, a proprietary MT output, a basic
prompt-based LLM output, a prompt-based LLM
output using specifications, and a prompt-based
LLM post-edit of the MT output.”

We evaluate the translations through expert er-

>Throughout this paper, LLM refers to large language mod-
els guided by prompt-based customization. We use post-edit
in a broad sense, including automated revision, and not limited
to human editing as defined in ISO 18587 (ISO 18587:2017,
2017).

ror analysis, user rankings, and a reference-free
automatic metric. Results show that prompt-based
LLM outputs with specifications receive the highest
ratings from both experts and users. Official trans-
lations score lower due to stylistic shortcomings,
and conventional MT outputs also underperform.
In contrast, the automatic metric favors MT output,
highlighting a misalignment with human judgment.
This suggests that specification-aware LLM out-
puts better fulfill communicative goals, even if not
fully reflected in current automatic metrics.’
Our contributions are as follows:

* We provide a theoretical foundation for in-
corporating translation specifications into MT
and its evaluation.

* We propose a practical guide for applying
specifications in MT workflows and test it on
IR texts.

* We demonstrate that specification-aware
prompt-based LLMs outperform official hu-
man translations in human evaluations, sup-
ported by detailed analysis.

2 Related Work

2.1 Customizable Machine Translation

Recent studies have explored how MT can be
adapted to specific contexts using external knowl-
edge, prompts, and post-editing beyond the source
text.* Though not framed as translation specifica-
tions, these efforts share similar goals with ours.
Fujita (2021) highlights the limits of text-to-text
neural machine translations (NMT), emphasizing
the need for style guides, terminology, and domain
knowledge. He (2024) and Jiao et al. (2024) show
that prompting GPT-4 with contextual cues and
post-editing improves translation quality. Liu et al.
(2025) further finds that detailed, domain-specific
prompts enhance performance in specialized tasks.
For stylistic and functional control, Moslem et al.
(2023), Wang et al. (2023), and Yamada (2023)
show that incorporating tone, terminology, and in-
formation about the translation’s purpose and au-
dience leads to more targeted outputs. Raunak
et al. (2023) also demonstrate that post-editing

3All translation data and evaluation results are available at
https://github.com/nii-cl/Specification_aware_MT.

*For a discussion of prior work on controllable MT in the
Statistical Machine Translation (SMT) and NMT eras, see
Appendix B.
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GPT-4 output improves English—Chinese and En-
glish—German translation quality.

These studies share motivations with our work
on specification-aware translation. Our study ex-
tends these efforts by using real corporate materials
and evaluating translation outputs in a practical set-
ting. We explore the potential of prompt-based
LLM:s to meet specific professional translation re-
quirements, based on human evaluation.

2.2 Advances in Translation Evaluation

Recent work in translation evaluation moves be-
yond gold references and explores reference-free
approaches (Blain et al., 2023; Freitag et al., 2023,
2024; Zerva et al., 2024). Evaluation criteria also
expand to include contextual coherence and fine-
grained error types. For document-level automatic
evaluation, Vernikos et al. (2022) improve sentence-
level metrics by incorporating context. Jiang et al.
(2022) propose BlonDe, a metric that evaluates dis-
course coherence using span-level F1 scores. Meta-
evaluation, such as that of Moghe et al. (2025),
examine whether metrics can detect diverse error
types and highlight their limitations.

MQM-based automatic evaluation has gained
traction: GEMBA-MQM (Kocmi and Federmann,
2023a), AutoMQM (Fernandes et al., 2023), and
xCOMET (Guerreiro et al., 2024) identify error
spans and types without language-specific tuning.
CATER (Iida and Mimura, 2024) offers reference-
free, multi-dimensional evaluation with LLMs,
while MQM-APE (Lu et al., 2025) adds automatic
post-editing to LLM-based error annotation to fo-
cus on quality-improving edits.

Human evaluation also remains essential. Lom-
mel et al. (2024b) present an MQM scoring frame-
work with calibrated models. MQM-Chat (Li et al.,
2025) adapts MQM for chatbot, and ESA (Kocmi
et al., 2024) streamlines span-level annotations for
non-expert assessments.

Building on these developments, our study in-
corporates ISO 5060 and MQM principles into a
specification-aware evaluation framework. To bet-
ter capture translation quality, we assess transla-
tions using expert annotators, end-user judgments,
and automatic metrics, highlighting both linguistic
quality and functional adequacy.’

>Appendix C provides more context on discussions of
evaluation method reliability and improvement in NLP.

2.3 Translation Theory and Machine
Translation

Several studies explore interactions between trans-
lation studies and MT research. Tan et al. (2023)
apply Skopos-based criteria to compare human and
NMT outputs, showing that human translations per-
form better due to NMT’s contextual and lexical
limitations. Liu et al. (2024) recommend integrat-
ing Skopos theory into human evaluation, while Na
et al. (2024) show that theory-informed prompts
affect LLM outputs. Hiebl and Gromann (2023)
call for a unified concept of translation quality to
support collaboration between the fields.

The point raised by Hiebl and Gromann (2023)
is important: clarifying how the two fields define
and evaluate translation quality may help advance
both. To this end, we combine theoretical insights
from translation studies with empirical experiments
based on real-world workflows, aiming to explore
how MT can better address the practical needs of
professional translation. This integration of theory
and practice enables a more realistic understanding
of MT’s role in professional contexts.

3 Theoretical Background

While translation is often seen as producing an
equivalent text in another language, the notion of
equivalence has faced criticism in translation stud-
ies since the late 1970s. In response, functional-
ist approaches have gained prominence, viewing
translation as a purpose-driven communicative act.
Skopos theory, a widely cited framework, holds
that translations should be guided by their purpose.
Based on this view, we argue that translation speci-
fications are essential for developing and evaluating
MT systems that meet real-world goals.

We begin with equivalence theory, which frames
translation as reproducing the meaning or value of
the source text, a view reflected in early MT sys-
tems and many current automatic evaluation meth-
ods (Section 3.1). We then turn to Skopos theory, a
functionalist perspective aligned with our emphasis
on translation specifications (Section 3.2). Finally,
we discuss how specifications matter not only for
translation but also for evaluation (Section 3.3).

3.1 Equivalence Theory in Translation
Studies and Machine Translation

Equivalence theory (Nida, 1964), which views
translation as reproducing the source text’s mean-
ing and value, has long been central to translation
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studies.® Dyvik (1992) explores this concept in MT,
proposing a sitfuation schema, an abstract represen-
tation that links source and target texts through
shared meaning. He emphasizes the importance
and difficulty of achieving equivalence, even with
linguistic theories and technology.

In contrast, Hardmeier (2015) analyzes how sta-
tistical machine translation (SMT) operationalizes
equivalence through techniques such as word align-
ment and domain modeling. While SMT reflects
equivalence-based assumptions, he argues it over-
simplifies translation complexity.

These studies illustrate how earlier MT systems,
primarily rule-based and statistical, were shaped
by equivalence-oriented thinking. Although neural
networks and deep learning emerged in the mid-
2010s (Bahdanau et al., 2015), earlier systems dom-
inated the field and adhered to formal equivalence.

Even with advances in MT technology, equiva-
lence continues to shape quality evaluation. Met-
rics such as BLEU (Papineni et al., 2002) and ME-
TEOR (Banerjee and Lavie, 2005) assess similarity
to references, often through n-gram overlap, re-
flecting a formal equivalence perspective. Recent
model-based metrics like COMET (Rei et al., 2020)
and BLEURT (Sellam et al., 2020) seek semantic
equivalence, yet rely on source-text alignment.

Since the late 1970s, however, equivalence the-
ory has faced criticism. Snell-Hornby (1995) ar-
gues that it lacks precision and falsely implies sym-
metry between languages. She identifies the 1980s
cultural turn as a shift from language-based ap-
proaches to views considering sociocultural context
and the translator’s role (Snell-Hornby, 2006).”

Although equivalence has become less central in
translation studies, it is still prominent in MT prac-
tice and evaluation. While semantic equivalence
remains foundational, it does not fully address the
diverse purposes and communicative contexts of
real-world translation. Functionalist approaches,
such as Skopos theory, offer a useful complement.
Emphasizing the intended function, Skopos theory
provides a more practical framework for guiding
both human and MT in applied settings.

®Equivalence theory includes various perspectives, includ-
ing formal equivalence, which preserves structure, and dy-
namic equivalence, which aims for a similar reader response
(Nida, 1964; Munday et al., 2022; Pym, 2023).

"This shift is reflected in major anthologies such as The
Translation Studies Reader (Venuti, 2021), whose fourth edi-
tion retains only Nida (1964) for equivalence theory, omitting
figures like Vinay and Darbelnet (1958) and Catford (1965).

3.2 Skopos Theory and the Functional
Approach to Translation

Skopos theory defines translation not as a linguistic
transfer but as an intentional activity to fulfill com-
municative goals (Reiss and Vermeer, 1984). Nord
(2006) develops this perspective by introducing
translation brief (or specification), a set of instruc-
tions outlining the purpose, audience, and condi-
tions for the translation. She emphasizes that trans-
lation decisions are not solely determined by the
source text, but by how well it serves its function.

Gouadec (2007) applies the functionalist ap-
proach to translation workflows by identifying
three criteria: the client’s objectives (e.g., increas-
ing sales or enhancing brand image), the user’s
needs (e.g., clarity in technical documentation),
and the relevant usage norms and standards. As
Pym (2023) notes, this positions translators as “lan-
guage technicians” who operate within a broader
communication strategy, ensuring that the transla-
tion fulfills its specific role.

This functionalist perspective, once limited to
human translation, may now extend to MT with the
emergence of prompt-based LLMs. Earlier domain-
specific MT systems required significant resources,
including specialized datasets, expert tuning, and
time-consuming model training (Saunders, 2022;
Wang et al., 2023). In contrast, prompt-based
LLMs allow users to specify translation require-
ments through prompting or fine-tuning, making
it easier to adapt translations to their intended pur-
pose (Section 2.1). Although empirical evidence
is still emerging, customization is now easier, and
the rise of LLMs marks a technological shift that
aligns with the functionalist view of translation.

Our study investigates whether and how recent
advances in MT, especially prompt-based LLMs,
can support a functionalist approach by producing
translations aligned with specifications. This per-
spective shifts the focus from linguistic equivalence
to functional effectiveness and offers insights for
improving MT design and evaluation.

3.3 Why Specifications Matter

Specifications may include parameters such as pur-
pose, target audience, style, register, domain, time-
line, cost, volume, reference materials (e.g., glos-
saries and style guides), file format, and quality
evaluation methods (ISO17100:2015; JTF, 2018).
In professional settings, such specifications guide
translation decisions and ensure the translation
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Parameter Description

Purpose of translation
Target audience
Style, register, and tone

Communicative goal (e.g., inform, persuade, comply, etc.)
Intended readers and their language background or expectations
Formality, style, and tone appropriate for the target context

Terminology and reference resources
Domain and legal requirements
Cultural adaptation

Length and formatting

Localization needs

0NN AW —

Use of glossaries, style guides, and prior translations
Industry norms and compliance with relevant laws
Adjustments for cultural norms or sensitivities
Constraints on text length, layout, or structure
Regional or language variant customization

Table 1: Translation specification parameters. Items 1-3 are essential; others may vary by project.

meets client expectations. Even if undocumented,
essential requirements are typically agreed upon in
advance and vary by project. For example, legal
translations emphasize consistency with terminol-
ogy and style guides, while marketing texts priori-
tize creativity and persuasive language.

The importance is also reflected in how trans-
lation quality is evaluated. The MQM framework
defines translation quality as follows:

A quality translation demonstrates re-
quired accuracy and fluency for the au-
dience and purpose and complies with
all other negotiated specifications, tak-
ing into account end-user needs (Melby,
2012a; Lommel et al., 2013).

As explained in the Multi-Range Theory (Lommel
et al., 2024b), quality evaluation begins with an
analysis of project specifications and user needs.
Evaluators should select appropriate error cate-
gories and scoring models based on this analysis.
These ideas are emphasized in the 2024 MQM an-
niversary paper (Lommel et al., 2024b).3
Specifications not only guide translators but also
constrain the range of acceptable choices, helping
to reduce subjectivity. As Gouadec (2007) argues,
translators are language technicians whose “plural-
ity is his enemy,” highlighting the importance of
clear instructions (Pym, 2023). This applies equally
to evaluation: assessments grounded in specifica-
tions are less influenced by personal interpretation.
Research shows that providing clear criteria and
context improves inter-annotator agreement (IAA)
(Castilho, 2021; Popovié, 2021). The official MQM
website also notes that the framework supports stan-
dardized, objective evaluation by minimizing sub-
jective judgment (MQM, 2025). For details on how
translation specifications can be incorporated into
MQM-based evaluation, see Appendix E.

8The MQM framework draws on Garvin (1984)’s approach
to quality. See Appendix D for further explanation.

4 A Practical Guide for
Specification-Aware MT and Evaluation

We provide a brief overview of our practical frame-
work for integrating translation specifications into
both MT workflows and evaluation, where MT is
performed using prompt-based LLMs.? A full ver-
sion is available in Appendix F.

4.1 Specification-Aware Machine Translation
with Prompt-Based LLMs

Step 1: Define Specifications Clarify translation
requirements. These form the basis for both ma-
chine output and human review. Our specification
parameters, listed in Table 1, are independently de-
veloped based on professional translation practice
and informed by existing standards and research
(ISO17100:2015; 11669:2024; Melby, 2012b).

The top three items are essential for all transla-
tion projects, regardless of domain or medium. The
remaining items are project-dependent and may be
included as needed. Additional parameters may be
added depending on the context or client require-
ments. A brief explanation and examples for each
item are provided in Appendix F.1.

Step 2: Design Instructions Specifications
should be reflected in prompts or fine-tuning. It is
important that the instructions also include source
text information, target language, and relevant spec-
ification parameters, while preventing hallucination
and over-generation.

Step 3: Generate and Review Use LLMs to gen-
erate the translation, followed by human review to
ensure the output meets specifications. Reviewers
make corrections and finalize the translation.

“We base our translation and evaluation guidelines on a
typical professional workflow and ISO 17100 for translation,
and on ISO 5060, JTF guidelines, and MQM for evaluation
(ISO17100:2015; ISO5060:2024; JTF, 2018; MQM, 2025).
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4.2 Specification-Aware Evaluation

Translation evaluation is not always conducted
alongside the translation itself. It may be required
in various contexts, such as accepting or rejecting
a translation, comparing outputs, selecting the best
version, ensuring quality in professional workflows,
evaluating MT results, or training and certifying
translators. We outline a framework that incorpo-
rates both objective and subjective evaluations.

Step 1: Make Specifications Accessible Ensure
all evaluators have access to the translation speci-
fications. If not provided in advance, define them
before evaluation begins.

Step 2: Define Error Categories Set error cat-
egories (e.g., Accuracy, Style, Terminology, etc.)
aligned with the specifications. Use established
frameworks such as MQM and ISO 5060 (MQM,
2025; ISO5060:2024).

Step 3: Weight and Score Errors Assign
weights to error categories based on project pri-
orities. Evaluate severity (e.g., minor, major) and
calculate a total score using a weighted formula.

Step 4: Add Subjective Evaluation (Optional)
In addition to error-based scoring, subjective eval-
uation helps assess whether a translation is appro-
priate, persuasive, and effective for its intended
audience. Feedback from experts or users can of-
fer insights into clarity, tone, and impact that error
metrics alone may overlook.

The following case study demonstrates the appli-
cation of this practical guide.

5 A Case Study in Japanese-to-English
Translation of Investor Relations
Materials

We present a case study to show how specification-
aware translation can be applied using a prompt-
based LLM. We compare it with human transla-
tion and non-prompt-based MT outputs, examining
how each is evaluated through both human and
automatic methods. This case study puts into prac-
tice the notions discussed earlier in Section 3 and
assesses the effectiveness of our approach in a real-
world Japanese-to-English translation task.

Figure 2 provides an overview of the case study.
For LLLM, we use ChatGPT via its public interface
to simulate a scenario in which non-expert users,
such as translators or corporate communications
personnel, can control translation output through

@ Excerpts from Companies’ Reports

DO l Translation

Google Translate

®

ChatGPT PE + Spec.
- =
x/ l Evaluation -

m Subjective Eval. | Automatic Eval.

@Quality? @ Preference? @Human-aligned?

w ChatGPT basic
(O

Figure 2: Overview of the case study: Five translation
types and their evaluation via expert, user, and automatic
methods.

prompting, without needing specialized tools or
programming skills.

5.1 Experimental Setup
5.1.1 Integrated Reports

We use IR materials excerpted from integrated re-
ports by publicly listed Japanese companies as the
source text. The focus is on Japanese-to-English
translation; the rationale for using this language
pair is explained in Appendix G.

Integrated reports combine financial and non-
financial information to communicate a company’s
value creation to investors and other stakeholders.
Although not legally required in Japan, their publi-
cation has increased with growing interest in ESG
investment. As of the end of 2023, 1,019 compa-
nies issue integrated reports, 70 percent of which
also provide English versions (ESG/Integrated Re-
porting Research Laboratory, 2024). Among Prime
Market companies, over half publish integrated re-
ports. We choose integrated reports because they
are more structured than websites and more inter-
pretive than financial statements, posing challenges
for both human translators and MT systems.

We focus on the corporate philosophy section,
typically found at the beginning of these reports.
According to the Guidance for Collaborative Value
Creation 2.0 (Ministry of Economy, Trade and In-
dustry, 2022), such statements are central to in-
vestor communication and must clearly express
a company’s unique values. Translating them re-
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Type Translation Output

Source “TIDINENEFDPTIRINF - ZNREADRSANEED Y, R EHNETRIZT S,

Official “Waku waku” is what moves people to push what’s possible. It’s Japanese for the joy and excitement of discovering the
unknown. And when passed from person to person, becomes a force that creates a brighter world, united in wonder.

Google “Excitement” is the energy that moves people. It spreads from person to person, making the world brighter and more energetic.

GPT-b “Excitement” is the energy that moves people. It spreads from person to person, bringing brightness and vitality to the world.

GPT+Sp  Excitement is the energy that moves people. It spreads from person to person, brightening and invigorating the world.

PE+Sp “Excitement” is the spark that moves people, spreading from one person to another, brightening and energizing the world.

Table 2: Differences in translations (All Nippon Airways Co., Ltd.)

quires not only literal accuracy but also clarity, an
appropriate corporate tone, and expressions that
enhance appeal to stakeholders.

We select one company from each of the 33
industries defined by the Tokyo Stock Exchange
(Japan Exchange Group, Inc., 2021), prioritiz-
ing those with higher market capitalization (27
first-ranked, five second-ranked, and one fourth-
ranked).!? The extracted sections range from 240
to 927 Japanese characters, with an average of 610.

We manually confirmed alignment with the
Japanese source texts and asked companies how
their English versions were produced. Of the 33
companies, 20 responded. Among these, 15 used
only human translation, two combined human and
MT, two declined to disclose their method, and
one outsourced the work without providing details.
None reported using MT alone, suggesting that
human translation remains standard.

5.1.2 Five Translation Methods

To compare translation quality and effectiveness,
we prepare five versions using different methods.
The official translation consists of excerpts from
English versions of integrated reports published by
the companies.

We then create four MT-based versions:

* Google Translate: raw output from Google
Translate

¢ ChatGPT basic: ChatGPT with a minimal
prompt

* ChatGPT + Spec: ChatGPT with specifica-
tions

* ChatGPT PE + Spec: Google Translate post-
edited by ChatGPT with specifications

To ensure consistency, we use the first output for all
versions. All ChatGPT translations are generated
using ChatGPT-4o.

19The full list appears in Appendix H.

For the specification-aware methods, we provide
prompts that reflect key information such as source
text context, intended purpose (e.g., appealing to
global investors), target audience, and stylistic tone.
The full prompt is shown in Appendix 1.

Using these methods, we generate five transla-
tions for each of the 33 companies. Manual review
indicates that all versions maintain overall mean-
ing without serious accuracy errors. However, we
observe a recurring issue in ChatGPT translations:
kanji misinterpretation. For example, X JkFt §
=& (Monjuin Shiigaki) is rendered incorrectly
as Monjuin Shiisho, lacking accurate translitera-
tion. This suggests that ChatGPT struggles with
domain-specific terminology and proper nouns.

Table 2 shows translations of a corporate phi-
losophy excerpt from All Nippon Airways Co.,
Ltd.’s integrated report. The official translation
contains a grammatical error (“And when passed...
becomes...”) and phrases that may be unclear or un-
natural (“to push what’s possible”). It also gives an
extended explanation of waku waku. The Google
translation is grammatically correct but closely mir-
rors the source, resulting in a literal tone and basic
vocabulary. The ChatGPT basic version improves
fluency and uses slightly richer expressions (‘“vi-
tality”), but its tone and structure remain similar
to the Google version. The ChatGPT version with
specifications uses more active verbs and parallel
phrasing (“brightening and invigorating”), result-
ing in smoother rhythm and tone. The post-edited
version with specifications introduces vocabulary
like “spark™ and “energizing,” while preserving the
original meaning and structure.

These examples show that each method yields
distinct results and that adding specifications to
ChatGPT prompts may encourage more purposeful
and expressive language. Appendix J provides a
comparative analysis of a longer excerpt from the
same source, focusing on linguistic and stylistic
differences.
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5.2 Human Evaluation

After preparing translations for all 33 companies,
we conduct two human evaluations of the five trans-
lation methods: expert error evaluation and subjec-
tive evaluation.

5.2.1 Error Evaluation

We conduct an error-based evaluation using the
specification-aware framework introduced in Sec-
tion 4.2 and detailed further in Appendix F.2. This
evaluation focuses on three core categories: Ac-
curacy, Linguistic Conventions, and Style. Other
categories defined in the MQM framework, such as
Design and Markup, are excluded as they are not
applicable to the scope of this study.

All category definitions are based on the MQM
standard and were provided to the evaluators to en-
sure consistency and shared understanding (MQM,
2025). See Appendix K for the detailed error cate-
gories used in the annotation.

Given the importance of stylistic quality in IR
materials, we include four subtypes under Style: (1)
Language register mismatch, (2) Awkward style,
(3) Unidiomatic expressions, and (4) Inconsistent
style. These errors do not hinder comprehension
but result in unnatural English that may reduce
clarity and impact. Subtypes help clarify scope, but
annotators classify errors only at the main category
level to reduce cognitive burden. Error categories
are weighted based on JTF guidelines: Accuracy
(0.7), Linguistic Conventions (0.8), and Style (1.5),
averaging to 1.0 overall (JTF, 2018). We do not
apply severity levels, as the texts do not involve
high-stakes content such as financial figures.

Two professional evaluators, each either a pro-
fessional translator or an expert in linguistics and
culture, bilingual in Japanese and English, and with
English as their first language, are recruited via
Prolific.!" They receive the Japanese source text,
translation specifications, five anonymized English
translations, an error typology table with defini-
tions, and sample annotations. They identify errors,
assign them to one of the three categories, mark
their locations, and record error counts. Each eval-
uator is compensated £40 for approximately 270
minutes of work. Only two out of 24 recruited
participants completed the task, highlighting the
practical difficulty of securing qualified evaluators
and the cognitive demands of error annotation, as
noted in prior research (Kocmi et al., 2024; Zouhar

llhttps://www. prolific.com

Type Official Google GPT-b GPT+Sp GPT PE+Sp
Eval. 1  2.60 1.82 1.04 0.70 0.38
Eval. 2 3.01 2.29 1.28 1.29 1.03

Table 3: Weighted error scores averaged across 33 com-
panies. Lower scores indicate fewer errors and higher
translation quality.

et al., 2025).

Table 3 presents the evaluation results. ChatGPT
PE + Spec receives the lowest error score (highest
quality), followed by ChatGPT + Spec, ChatGPT
basic, and Google Translate. The official transla-
tion ranks lowest, with particularly frequent Style
errors, which will be discussed in Section 5.2.3.
These findings suggest that LLM-based transla-
tions guided by specifications can outperform hu-
man translations in this context, challenging the
assumption that human translations should serve as
the default gold standard in MT evaluation.

We also assessed inter-annotator reliability by
calculating the correlation between the error scores
assigned by the two evaluators. Pearson’s corre-
lation is very high (r = 0.985 and p = 0.0021),
while Spearman’s rank correlation is also strong
(p =0.90 and p = 0.037), indicating statistically
significant agreement. Nonetheless, we observe in-
consistencies: the same expression was sometimes
marked as an error in one translation but not in
another by the same evaluator. This indicates the
inherent difficulty of ensuring consistency in error-
based evaluation, even among professionals. The
low completion rate suggests that translation eval-
uation is time-consuming, cognitively demanding,
and difficult to delegate, as it requires a high level
of expertise. Our evaluation process incidentally
reflected these challenges in practice.

5.2.2 Subjective Evaluation

To understand how translations are perceived by
intended end users, we conduct a subjective evalu-
ation alongside expert-based error analysis. As dis-
cussed in Section 4.2 and detailed in Appendix F.3,
combining error-based and subjective evaluation
is useful not only when qualified annotators are
limited, but also when end-user perspectives take
precedence. For texts like integrated reports, which
aim to build trust and attract investment, reader im-
pression may matter more than linguistic accuracy,
making subjective feedback particularly valuable.
Subjective evaluation is generally divided into
expert and end-user perspectives (JTF, 2018).
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Figure 3: Ranking counts from the subjective evaluation.
The x-axis shows translation methods, and the y-axis
shows frequency. Each bar is stacked by rank (1st to
5th). Numbers in parentheses indicate mean rankings;
lower values reflect higher preference.

Since integrated reports target investors, we adopt
an end-user perspective. We recruited eighteen na-
tive English speakers via Prolific. Participants are
compensated £13.50 for approximately 90 minutes
of work. Seventeen hold degrees in fields such as
accounting or finance. One participant is a trans-
lator and linguistic expert who also took part in
the error evaluation. Each evaluator receives the
translation specifications and five English transla-
tions, without knowing the translation methods or
having access to the Japanese source. They are
asked to rank the translations based on overall ap-
peal, defined as clarity, readability, word choice,
and company presentation.

Figure 3 shows the distribution of rankings
across translation types. ChatGPT PE + Spec is
most often ranked 1st, whereas the official trans-
lation is most often ranked 5th. Google Trans-
late is the least often ranked 1st, while the three
ChatGPT-based translations are less often ranked
last. Numbers in parentheses indicate mean rank-
ings: ChatGPT PE + Spec has the best (lowest)
average ranking, followed by ChatGPT + Spec,
ChatGPT basic, and the official translation. Google
Translate ranks lowest overall.

To assess significance, we conduct Wilcoxon
signed-rank tests on all ten translation pairs, re-
porting the test statistic (W), p-values, and effect
sizes () in Table 4. A p-value below 0.05 is consid-
ered significant; effect sizes are interpreted as small
(r = 0.1), medium (r = 0.3), or large (r = 0.5).
All comparisons are significant except Official vs.
Google Translate and ChatGPT + Spec vs. Chat-
GPT PE + Spec. Pairs with ChatGPT PE + Spec (vs.

Pair w Z p r

Off. vs Ggl 88018 0.081 0.9341 0.003
Off. vs GPT-b 74913 3213 0.00113  0.132
Off. vs GPT+Sp 63954 5.832 p < 0.00001 0.239
Off. vs PE+Sp 59011 7.013 p < 0.00001 0.288
Ggl vs GPT-b 73843 3.469  0.00043  0.142
Ggl vs GPT+Sp 62409 6.201 p < 0.00001 0.254
Ggl vs PE+Sp 57082.5 7.474 p < 0.00001 0.307

GPT-b vs GPT+Sp 75367 3.104  0.00162  0.127
GPT-b vs PE+Sp  68326.5 4.787 p < 0.00001 0.196
GPT+Sp vs PE+Sp 81396.5 1.664 0.0903 0.068

Table 4: Wilcoxon signed-rank test for translation pairs.
A significant difference is defined as p < 0.05. Effect
size (r) is interpreted as small (0.1), medium (0.3), and
large (0.5).

Official and Google Translate) show the strongest
effects, with p =~ 0 and medium effect sizes.

These results show that ChatGPT PE + Spec is
consistently preferred, in line with error-based eval-
vation findings. The low ranking of the official
translation is notable, despite its presumed status
as the gold standard. However, human translations
often vary more than MT, depending on transla-
tor performance (Freitag et al., 2023; Ramos and
Guzman, 2024; Volz and von Thiessen, 2024). As
a result, while the official translation was most fre-
quently ranked in the lowest position, the number
of times it was placed second, third, or fourth did
not differ significantly. Moreover, it was ranked
first more often than Google Translate and not far
behind ChatGPT basic.

5.2.3 Qualitative Analysis

To gain insight into the stylistic and structural dif-
ferences across translation types, we examine their
sentence structure, focusing on relative clauses
and clausal coordination. Our analysis shows that
Google Translate and the official translations tend
to use these forms more frequently, potentially
reflecting source-language influence. Japanese
allows for long, additive sentence constructions,
which can lead to overuse of relative clauses or
clausal coordination when translated too literally
into English. Such structures may reduce readabil-
ity, especially in English writing that values clarity
and conciseness. Further details are provided in
Appendix L.

We also analyze excerpts from the official trans-
lations and find recurring issues in grammar, style,
and semantic clarity. For example, the expression
“offering both a multitude of choices” contains a se-
mantic mismatch between “both” and “multitude.”
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Type Official Google GPT GPT+Sp GPT PE+Sp

Mean 0.783 0.830 0.822 0.821 0.810
SD 0.043 0.031 0.039 0.033 0.037

Table 5: Mean COMETKiwi scores and standard devia-
tions for each translation type.

Other examples involved unidiomatic phrasing, sen-
tence fragments, and inconsistent style. For de-
tailed examples and qualitative error analysis, see
Appendix M. These problems suggest that the low
rating of the official translation may not stem from
a lack of specifications but from variation in trans-
lator skill or mismatches with task requirements.
As mentioned in Section 5.2.2, human transla-
tions often vary in quality due to individual differ-
ences (Freitag et al., 2023; Ramos and Guzman,
2024; Volz and von Thiessen, 2024). Combined
with Japan’s shortage of high-proficiency English
translators (Appendix G), this may explain the ob-
served results. By contrast, ChatGPT-based trans-
lations guided by specifications performed consis-
tently well, suggesting their potential as a viable
complement to traditional workflows.

5.3 Automatic Evaluation

We examine whether a reference-free automatic
metric can capture differences in translation qual-
ity across specification and method types, com-
pared to human judgment. To this end, we use
COMETKiwi, a reference-free metric with the
highest correlation to human evaluations in the
WMT23 Metrics Shared Task (Rei et al., 2022;
Freitag et al., 2023).'> We adopt a reference-free
approach because the official translations, typically
used as references, are themselves part of the eval-
uation as one of the five translation types.

Table 5 shows scores from O to 1, with higher
values indicating better quality. Low standard devi-
ations suggest internal consistency, though overlap-
ping ranges point to limited differences between
types. Unlike the human rankings, COMETKiwi
assigns the highest score to Google Translate and
the lowest to the official translation. This diver-
gence likely reflects differences in what COMET
values, specifically literal fidelity and lexical sim-
ilarity, as opposed to the more context-sensitive
and stylistic qualities emphasized in our evaluation
(Rei et al., 2022).

12We use the model wnt22-cometkiwi-da, also adopted as
the WMT?24 baseline for reference-free evaluation (Freitag
et al., 2024).

Although the official translation appears to
preserve source-like structures such as relative
clauses and clausal coordination (Section 5.2.3, Ap-
pendix L), its low score may be partly explained
by a few explanatory additions not present in the
source, intended to assist international readers.
Such additions may reduce source alignment and
result in lower automatic scores.

ChatGPT PE + Spec scores slightly below
Google Translate, though the difference is small.
This may reflect Google Translate’s more literal
style, while ChatGPT PE + Spec balances fidelity
and fluency, resulting in higher subjective appeal
despite a lower COMET score. ChatGPT transla-
tions, particularly those guided by specifications,
prioritize clarity and appeal over strict lexical
matching, which COMET may not fully capture.

Although COMET metrics are known to strug-
gle with numbers and named entities (Amrhein and
Sennrich, 2022), our manual check found no sig-
nificant errors in these areas, suggesting they did
not affect the results.

As MT evaluation increasingly considers contex-
tual and communicative goals, it is vital to develop
automatic metrics that better capture functional as-
pects of translation quality, such as how well a
translation fulfills its purpose in context.

6 Conclusion

We demonstrate that translation specifications can
improve MT quality and enable more targeted eval-
uation. We provide a theoretical rationale for the
importance of specifications, drawing on Skopos
theory to support a functionalist perspective. Based
on this foundation, we outline a practical guide
for specification-aware MT using LLMs, including
prompt design, generation, and both error-based
and subjective evaluation.

In our case study, LLM outputs guided by specifi-
cations received higher ratings than official transla-
tions, Google Translate, or unguided LLM outputs.
Although COMET scores favored Google Trans-
late, they diverged from human evaluations. These
findings suggest that specifications help LLMs pro-
duce more contextually appropriate translations
that better align with communicative goals. The
gap between human and automatic evaluations
highlights the limitations of current metrics in cap-
turing functional adequacy. Through this work, we
demonstrate the potential of specification-aware
MT for professional, real-world use cases.
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Limitations

First, we use only a single LLM, ChatGPT. While
its outputs are generally well-received, it occa-
sionally introduces information not present in the
source text. This highlights the importance of care-
ful prompt design and human oversight, as is stan-
dard in professional translation workflows. Eval-
uating other LLMs remains an important area for
future research to assess whether the findings gen-
eralize across models.

Second, our dataset consists of corporate philos-
ophy statements from 33 Japanese companies, fo-
cusing solely on the Japanese-to-English language
pair. While this allowed for a focused case study,
broader validation will require larger datasets cover-
ing more diverse domains (e.g., legal and medical)
and content types (e.g., marketing and technical
manuals), as well as other language pairs.

Finally, our human evaluation process high-
lighted the difficulty of securing qualified annota-
tors. Both the error analysis and the subjective eval-
uation were conducted through crowd-sourcing,
and the compensation was set above the standard
rates of that framework. For error analysis, which
requires more specialized expertise, an alterna-
tive approach could have been to recruit evalua-
tors through a more specialized platform and set
the compensation accordingly. Such difficulties in
recruiting and compensating qualified annotators
emphasize the need to develop an automated and
specification-based evaluation model. Future work
could explore the LLM as a Judge (Zheng et al.,
2023; Kocmi and Federmann, 2023b; Feng et al.,
2025; Gunathilaka and de Silva, 2025), where an
LLM evaluates outputs based on the same detailed
specifications provided to human experts, poten-
tially offering a scalable alternative to manual an-
notation.
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A Industry Trends from CSA Research

According to Lommel et al. (2024a) from CSA Re-
search, an independent research firm specializing
in the language services industry, language service
providers (LSPs) that rely heavily on traditional
human translation are experiencing declining per-
formance. At the same time, while the growing
demand for translation has outpaced the capacity
of human translators, the increased use of MT alone
has not led to sustainable growth (Lommel et al.,
2024a).

The report encourages LSPs to shift their focus
from merely producing high-quality translations to
delivering greater value, such as providing cultural
adaptation, adapting content for specific audiences,
and training and customizing LLMs for domain-
specific communication. It clearly states: “LSPs
must focus on messaging that resonates with enter-
prise goals, and demonstrate that they use technol-
ogy to achieve them (Lommel et al., 2024a).”

In response to these challenges, our study pro-
poses a framework for specification-aware MT and
evaluation.

B Historical Context of Controllable MT

As noted in Section 2.1, the goal of tailoring trans-
lation output is not new. In the eras of SMT and
NMT, significant research focused on incorporat-
ing external knowledge to control specific aspects
of translation.

For example, a major line of work involved
leveraging existing human translations to improve
consistency. This began with the convergence of
Translation Memories and SMT (Koehn and Senel-
lart, 2010) and was later adapted to NMT, such
as through neural fuzzy repair mechanisms (Bulte
and Tezcan, 2019). Other approaches focused on
controlling discrete linguistic features, including
methods to enforce terminology constraints during
NMT decoding (Dinu et al., 2019) and to manage
stylistic aspects such as formality (Niu and Carpuat,
2020).

While these approaches provided powerful con-
trol over discrete phenomena, they often required
specialized data preparation or model retraining.
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Our work builds upon this tradition but explores
how prompt-based LLMs can manage a broader set
of communicative specifications in a more flexible
manner.

C Reliability of Evaluation Methods

Recent research has highlighted the need for more
robust and transparent evaluation methods across
NLP tasks, including but not limited to MT. This
includes a growing interest in developing evalua-
tion frameworks that are comprehensive, detailed,
and interpretable. For instance, Nimah et al. (2023)
propose the Metric Preference Checklist, an analyt-
ical framework that evaluates automatic natural lan-
guage generation (NLG) metrics from five distinct
perspectives, providing a more multifaceted evalu-
ation of their alignment with human judgments.

In contrast, Xiao et al. (2023) point out that most
research focuses only on how well metrics cor-
relate with human ratings, often overlooking the
reliability and measurement error of the metrics
themselves. They argue that concepts from Mea-
surement Theory, used in educational and psycho-
logical testing, should be applied to NLG evalua-
tion to better assess the reliability and validity of
evaluation metrics.

Gehrmann et al. (2023) outline a long-term
agenda for improving NLG evaluation, including
robust human evaluation protocols and the devel-
opment of metrics that go beyond surface-level
overlap. Meanwhile, Ruan et al. (2024) empha-
size the low reliability of human evaluation guide-
lines in NLG, showing that only 29.84 percent of
3,233 papers in major NLP conferences shared
their guidelines, and 77.09 percent of those con-
tained some kind of vulnerability. They propose
principles for more reliable guideline design and
introduce a method using LL.Ms to detect guideline
flaws.

These concerns are relevant to evaluation in MT.
If the evaluation procedures are unclear, the relia-
bility of the results cannot be ensured. In our study,
we develop guidelines for both translation and eval-
vation and describe the experimental procedure
based on these guidelines. In addition, instead of
simply reporting the results, we offer analysis and
possible interpretations for each finding to improve
clarity and transparency.

D Garvin’s Approach to Understanding
Quality

Since the MQM framework is grounded in Garvin
(1984)’s approach to quality, we provide a brief
overview of his perspectives.

Garvin (1984), a prominent scholar in quality
management, introduces five approaches to un-
derstanding quality: transcendent, product-based,
user-based, manufacturing-based, and value-based.
Among these, the manufacturing-based approach
defines quality as meeting pre-set specifications,
and the user-based approach emphasizes satisfying
user needs.

Fields et al. (2014) discuss the importance of
incorporating Garvin (1984)’s approach into trans-
lation quality assessment. Although the definition
of translation quality is debated and Fields et al.
(2014) disagree on some points, they generally
agree that the production-based approach (origi-
nally “manufacturing-based” in Garvin’s words),
evaluating translation according to specifications,
is important.

E Incorporating 