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Abstract

Large language models (LLMs) have emerged
as strong contenders in machine translation.
Yet, they still struggle to adequately handle
discourse phenomena, such as pronoun resolu-
tion and lexical cohesion at the document level.
In this study, we thoroughly investigate the
discourse phenomena performance of LLMs in
context-aware translation. We demonstrate that
discourse knowledge is encoded within LLMs
and propose the use of quality-aware decoding
(QAD), specifically minimum Bayes risk
decoding, to effectively extract this knowledge,
showcasing its superiority over other decoding
approaches through comprehensive analysis.
Furthermore, we illustrate that QAD enhances
the semantic richness of translations and aligns
them more closely with human preferences.

1 Introduction

Large language models (LLMs) have demonstrated
superior performance in machine translation (MT),
producing strong results for sentence-level and
document-level translation (Wang et al., 2023; Xu
et al., 2023; Alves et al., 2024; Zhu et al., 2024).
Quality improvements in document-level transla-
tion are key in producing translations that align bet-
ter with human preferences, since documents are
the natural way in which we consume and produce
text (Läubli et al., 2018; Maruf et al., 2022; Mo-
hammed and Niculae, 2024b; Dahan et al., 2024).
Additionally, document-level translation provides
a means to tackle discourse-related challenges in
translation, including inter-sentential coreference
resolution as well as the need for maintaining coher-
ence, style, and formality level across the document
(Post and Junczys-Dowmunt, 2023).

At the same time, it has been observed that LLM-
derived translations frequently feature different
linguistic and semantic characteristics and patterns
compared to neural machine translation (NMT),
hence inspiring several works that try to trace and

understand such patterns and differences. Thus,
recent work ranges from designing linguistic per-
formance test suites (Manakhimova et al., 2024) to
analyzing specific aspects such as lexical features,
literalness, formality (Wisniewski et al., 2024),
gender bias (Kotek et al., 2023; Zhao et al., 2024),
and pronoun resolution. These studies uncovered
valuable features of LLM-derived translations, in-
cluding suboptimal performance compared to NMT
systems in several phenomena, such as punctuation,
future verb tenses, stripping, function words (Man-
akhimova et al., 2024), and pronoun resolution
(Mohammed and Niculae, 2024a). Other works
observed that LLMs show systematic differences
to NMT systems in their choice of lexical features,
such as part-of-speech (PoS) patterns (Sizov et al.,
2024) as well as their ability to produce less literal
translations while remaining competitive quality-
wise to NMT translations (Raunak et al., 2023).

Despite these insights, fine-grained analyses
rarely extend to document-level MT, where dis-
course context makes such phenomena even more
critical and further underscores the need to under-
stand the linguistic and semantic properties of LLM
translations. We thus aim to study LLMs’ perfor-
mance in document-level MT (particularly, context-
aware MT) with respect to different discourse phe-
nomena. Inspired by Fernandes et al. (2023), we
measure models’ performance on four phenomena:
lexical repetition, pronoun resolution, formality,
and verb forms. We compare the performance of
recent translation-LLMs to encoder-decoder mod-
els on the DELA corpus, a high-quality human-
curated dataset that is rich in discourse phenom-
ena (Castilho et al., 2021). Moreover, we hypoth-
esize that discourse knowledge can be implicitly
encoded in LLMs, but is not fully exploited by
greedy decoding. Following prior work (Shin et al.,
2020; Kojima et al., 2022), we adopt an inference-
time probing approach to test this hypothesis. We
thus experiment with quality-aware decoding (Fer-
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Lexical EN: The reviewer gave us constructive feedback. We appreciate the reviewer ’s feedback.
repetition FR: L’examinatrice nous a fait un retour constructif. Nous apprécions le retour de l’ examinatrice .

Pronoun EN: One of the Chinese worked in an amusement park. It was closed for the season.
resolution DE: Ein Chinese arbeitete in einem Vergnügungspark. Er war gerade geschlossen.

Formality EN: How are you my dear friend? Would you like to go to the cinema with me?

DE: Wie geht es dir, mein lieber Freund? Möchtest du mit mir ins Kino gehen?

Verb form EN: Maria said she was too sick. However, she was seen walking in the park.
PT: A Maria disse que estava muito doente. No entanto, ela foi vista a passear no parque.

Table 1: Examples of discourse phenomena. Ambiguous words are highlighted in pink , and supporting context
necessary to resolve the ambiguity is marked in underlined purple text.

nandes et al., 2022), specifically minimum Bayes
risk (MBR) decoding (Eikema and Aziz, 2020),
and find that it indeed helps improve the discourse
phenomena performance of LLMs. We validate
our findings through extensive experiments on six
language pairs from three language families: En-
glish to Brazilian-Portuguese, German, French,
Korean, Arabic and Russian, on two datasets,
namely, TED2020 (Reimers and Gurevych, 2020)
and WMT24++ dataset (Deutsch et al., 2025).
Moreover, we perform an ablation study on dif-
ferent inference setups, including MBR decoding
with different choices for the utility function incor-
porating discourse specific metrics (Wong and Kit,
2012; Zhao et al., 2023), automatic post editing,
and sample fusion (Vernikos and Popescu-Belis,
2024). We note that our approach provides em-
pirical evidence for leveraging discourse-relevant
information in LLMs; however, internal mechanis-
tic analyses are required to fully substantiate the
hypothesis that discourse knowledge is encoded
in these models. We hope our work serves as an
initial step towards this goal.

Our contributions can be summarized as follows:

• We design a comprehensive evaluation setup
leveraging a discourse-rich dataset, showing
that under greedy decoding, encoder-decoder
models outperform LLMs in discourse
performance.

• We demonstrate through extensive evaluation
on six language pairs using automatic metrics,
LLM-as-a-judge, and human assessment
that QAD improves the translation and the
discourse performance of LLMs, enabling
them to surpass encoder-decoders.

• We conduct a comprehensive analysis on
the effect of different inference setups on
discourse performance.

• We release human annotations based on

TED2020 that focus on discourse phenomena,
supporting further research in this area.1

2 Background

2.1 Discourse Phenomena in Document-Level
Translation

Translating beyond the sentence level brings extra
challenges that concern inter-sentential coreference
resolution, lexical repetition, and coherence. Han-
dling these challenges is important to ensure reli-
able, adequate translations that align with human
preferences. In this work, we focus on four linguis-
tic phenomena that are relevant to document-level
translation, in which the required contextual infor-
mation extends beyond sentence-level boundaries,
as proposed by (Fernandes et al., 2023):
Lexical repetition. Entities mentioned multiple
times in a document should be translated in the
same way.
Pronoun resolution. For languages that have gen-
dered pronouns, the translation should respect the
gender of the referent.
Formality. In some languages, linguistic indica-
tors such as pronouns and honorifics are used when
addressing someone formally or expressing respect.
The same level of formality should be maintained
across a document.
Verb form. In some languages, verb forms vary
depending on the subject, tense, and consistency
with the context. For instance, in Arabic, the verb
form changes according to whether the subject is
singular, dual, or plural, masculine or feminine.
Verb forms should be accurate across a document.

Examples of the phenomena are presented in
Table 1. The discourse phenomena we study here
are for EN→XX translation direction. Studying the

1Code and data are at https://github.com/Wafaa014/
Discourse_translation_in_LLMs/.
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reverse direction (XX →EN) requires a separate set
of analyses to determine the relevant phenomena
in that case, which is out of scope of this work.

2.2 Quality-Aware Decoding (QAD)
Quality-aware decoding for machine translation
refers to utilizing translation evaluation metrics
during decoding to choose the best candidate
among several sampled responses from the
model. Samples can be generated using vanilla
temperature sampling or variations of it that
truncate the distribution, such as top-k or nucleus
sampling (Fan et al., 2018; Holtzman et al., 2020).
QAD has been proven to generate better quality
translations compared to maximum-a-posteriori
(MAP) decoding according to automatic metrics
and human evaluation (Fernandes et al., 2022).
There are different approaches to quality aware-
decoding including reranking (Lee et al., 2021;
Bhattacharyya et al., 2021), minimum Bayes risk
(MBR) decoding (Eikema and Aziz, 2020, 2022;
Müller and Sennrich, 2021), and fusion of samples
(Vernikos and Popescu-Belis, 2024). In our main
experiments, we focus on MBR since it is a widely
used approach for MT with proven benefits on
overall translation performance (Wu et al., 2024b;
Li et al., 2024a; Kudo et al., 2024). We explore
whether those improvements are reflected in
discourse performance.

MAP. A MT model defines a probability distribu-
tion p(y|x, θ) over a set of hypotheses Y . MAP
decoding, such as greedy decoding, aims to maxi-
mize the probability of generated hypothesis:

ĥ = argmax
y∈Y

p(y|x, θ). (1)

MBR. Given a utility function u that measures the
similarity between a hypothesis h and a reference
y, MBR decoding aims to find the hypothesis that
maximizes the expected utility (minimizes the loss)
among a set of sampled hypotheses H (each sam-
pled hypothesis is used as a pseudo reference and
compared to all other hypotheses). It selects:

ĥ = argmax
h∈H

Ey∼p(y|x,θ) [u(h, y)]. (2)

We experiment with different choices of util-
ity functions, including lexical, pretrained, and
discourse-specific metrics for translation evalua-
tion. Additionally, we experiment with other infer-
ence approaches, including fusion and automatic
post-editing. We discuss these in detail in §5.1.

3 Experiments2

3.1 Data

We experiment on the DELA corpus (Castilho et al.,
2021), an English-Brazilian-Portuguese document-
level corpus annotated with context-related issues.
The corpus is a collection of 60 documents with
3.7K sentences from different domains (news, sub-
titles, literature, legislation, reviews, medical) that
are manually selected, translated, and annotated
with context-dependent discourse phenomena. Ad-
ditionally, we experiment on a subset of TED2020
data (20K sentences in around 160 documents)
(Reimers and Gurevych, 2020) available in OPUS
(Tiedemann, 2012). We also experiment on the
WMT24++ dataset (Deutsch et al., 2025), which
has a size of approximately 1K sentences across
169 documents (results are in Appendix B). For
both TED2020 and WMT24++, we experiment on
six language directions: English (EN) to Brazilian-
Portuguese (PT), German (DE), French (FR), Ko-
rean (KO), Arabic (AR) and Russian (RU). Dataset
statistics for the three corpora, including discourse
phenomena statistics, are presented in Appendix A.

3.2 Models

We prioritize high performing models in mul-
tilingual and MT-related tasks. We evaluate
TowerInstruct-13B (Alves et al., 2024), an
instruction-tuned translation-LLM based on
Llama2-13B (Touvron et al., 2023), which is a
leading translation system according to WMT24
(Kocmi et al., 2024). We chose the best-performing
version of the model within our budget. We also
evaluate EuroLLM-9B-Inst (Martins et al., 2024), a
leading European LLM3 trained from scratch on all
European Union languages and additional relevant
ones. EuroLLM-9B-Inst is trained on all transla-
tion data used for TowerInstruct-13B, as well as
additional sources, giving it broader coverage.

For generalizability, we include LLMs with
strong performance on general language generation
tasks, namely Gemma3-12B-it (Kamath et al.,
2025) and Qwen3-14B (Yang et al., 2025). As an
encoder-decoder baseline, we include NLLB-3.3B
(Costa-jussà et al., 2022), a leading sentence-level
multilingual NMT model with strong performance
across languages of interest in this work. Context-

2Sustainability statement for all experiments: Appendix H.
3based on the european-llm-leaderboard

https://huggingface.co/spaces/Eurolingua/european-llm-
leaderboard
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BLEU COMET docCOMET COMETQE docCOMETQE L.repetition Formality Pronouns

ctx= 0
nllb G 55.2 87.1 82.2 81.5 75.4 87.0 75.0 45.0
nllb Q 58.2 87.4 82.3 81.6 76.5 85.0 ↓ 76.0 47.0
tower G 34.4 84.7 79.1 79.7 74.6 77.0 51.0 32.0
tower Q 52.7 88.9 84.3 83.0 80.1 85.0 68.0 39.0
euro G 30.7 82.5 75.2 77.9 70.1 78.0 59.0 33.0
euro Q 52.4 87.9 81.5 82.5 79.8 86.0 75.0 45.0
gemma G 50.6 85.6 80.1 79.4 75.9 82.0 12.0 38.0
gemma Q 53.0 88.5 83.5 82.3 78.8 84.0 72.0 41.0
qwen G 50.9 88.5 83.6 82.1 78.9 84.0 73.0 41.0
qwen Q 54.1 88.9 84.0 82.4 79.3 84.0 74.0 40.0 ↓
ctx= 5
tower G 41.0 86.0 81.2 79.1 74.5 85.0 66.0 50.0
tower Q 57.4 89.6 85.4 82.0 79.5 90.0 76.0 60.0
euro G 25.9 80.4 73.6 76.0 66.1 79.0 56.0 40.0
euro Q 52.1 87.8 82.0 81.9 78.9 89.0 75.0 48.0
gemma G 54.0 87.3 82.3 80.3 77.4 86.0 27.0 49.0
gemma Q 56.2 88.5 83.8 81.5 78.5 87.0 51.0 52.0
qwen G 52.4 89.3 84.9 82.0 79.3 89.0 75.0 51.0
qwen Q 52.4 89.6 85.3 82.2 79.7 90.0 76.0 52.0

Table 2: Translation and discourse phenomena performance of all models (nllb=NLLB-3.3B, tower=TowerInstruct-
13B, euro=EuroLLM-9B-Inst, gemma=Gemma3-12B-it, qwen=Qwen3-14B) using greedy (G) and quality-aware
decoding (Q) on DELA dataset in both sentence-level (ctx= 0) and context-aware (ctx= 5) setups. The en-
coder–decoder baseline (nllb=NLLB-3.3B) is highlighted in gray. Bold highlights the best value per column (with
statistical significance p<0.05). The numbers presented for phenomena are F1 accuracies (details in §3.4.2). Cases
where the QAD result is worse than its Greedy counterpart are marked with a red down arrow ↓. Cases where the
context-aware result is better than the sentence level result are marked with a green underline.

aware encoder-decoder variants (see §6) would
also be worth exploring, but have limited language
coverage and are beyond the scope of this work.

3.3 Inference

We compare two decoding setups: greedy decod-
ing,4 which selects the highest-probability token
at each step, and quality-aware decoding (QAD),
which uses MBR with 50 samples generated via nu-
cleus sampling (p=0.9).5 We use BLEU score (Pa-
pineni et al., 2002) as utility function for all our ex-
periments unless otherwise indicated. Note that we
first conducted preliminary experiments on differ-
ent prompting formats for each model and present
only the best setup in this work. For LLMs (all
models except NLLB-3.3B), we employ context-
aware prompting with the context being (up to) 5
previous source-target pairs in the same document
(prompt formats in Appendix E). We opt for the
context-aware setup instead of translating docu-
ments holistically to eliminate the potential bias of
how models handle different parts of the context

4Beam search decoding for NLLB yielded comparable
results to greedy decoding. Details in Appendix K.

5For Qwen3-14B, we use the "non-thinking"
mode with the sampling parameters recommended by
its developers: t=0.7, topP=0.8, topK=20, minP=0.
https://huggingface.co/Qwen/Qwen3-14B

(Liu et al., 2024). For NLLB-3.3B, since the model
has only been trained on sentence-level data, we
conduct inference at the sentence level. We also
report sentence-level baseline results for LLMs.

3.4 Evaluation

3.4.1 Overall Translation Evaluation
We use a lexical metric, BLEU6 (Papineni
et al., 2002), a reference-based pretrained metric,
COMET7 and its document-level variant doc-
COMET (Rei et al., 2022a), and a reference-free
pretrained metric, COMETQE8 (Rei et al., 2022b)
and its document-level variant docCOMETQE.

3.4.2 Discourse Phenomena Evaluation
We measure F1 accuracy of tagged words with dis-
course phenomena in the reference being tagged in
the hypothesis. To do so, we utilize the multilingual
discourse-aware benchmark (MuDA) for discourse
phenomena evaluation (Fernandes et al., 2023).
Tagging for words that require inter-sentential
context is done automatically using predefined
language-specific lists of pronouns, verb forms,
and formality indicators. For lexical repetition, tag-

6SacreBLEU signatures in Appendix I
7https://huggingface.co/Unbabel/wmt22-comet-da
8https://huggingface.co/Unbabel/wmt22-cometkiwi-da
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BLEU COMET docCOMET COMETQE docCOMETQE L.repetition Formality Pronouns

ctx= 0
nllb G 28.3 84.2 79.2 82.7 80.0 64.2 57.4 61.2
nllb Q 29.3 84.3 79.4 82.6 ↓ 80.0 64.7 57.6 60.5 ↓
tower G 21.0 81.5 76.1 80.1 75.1 60.0 48.8 51.3
tower Q 31.1 85.7 80.9 84.2 81.9 66.4 58.2 60.3
euro G 15.8 79.6 73.0 78.3 71.0 56.8 48.0 50.0
euro Q 26.6 84.7 79.0 83.5 81.1 63.8 59.0 59.0
gemma G 25.1 81.9 76.2 80.5 78.3 60.3 16.4 55.2
gemma Q 26.4 84.4 79.1 83.2 80.7 62.5 55.4 57.5
qwen G 24.8 83.4 78.1 82.2 79.0 61.8 50.4 57.8
qwen Q 25.9 84.4 79.1 83.2 80.8 63.3 52.2 59.0

ctx= 5
tower G 21.0 79.6 74.8 75.1 71.4 62.0 52.2 62.0
tower Q 33.0 86.1 82.0 82.5 80.1 71.2 64.6 71.0
euro G 15.0 78.7 72.7 77.0 68.9 60.5 49.4 52.8
euro Q 28.2 85.1 79.9 83.2 80.8 67.7 62.4 63.0
gemma G 26.9 80.9 75.4 79.1 76.6 63.2 18.4 58.8
gemma Q 27.8 83.8 78.5 82.3 80.0 64.8 42.6 58.8
qwen G 26.7 84.4 79.4 82.3 79.5 66.7 61.0 61.2
qwen Q 27.9 85.2 80.4 83.2 81.1 67.0 62.0 82.8

Table 3: Translation and discourse phenomena performance of all models (nllb=NLLB-3.3B, tower=TowerInstruct-
13B, euro=EuroLLM-9B-Inst, gemma=Gemma3-12B-it, qwen=Qwen3-14B) using greedy (G) and quality-aware
decoding (Q) on TED2020 dataset in both sentence-level (ctx= 0) and context-aware (ctx= 5) setups. The results
are averaged across all language pairs. The encoder–decoder baseline (nllb=NLLB-3.3B) is highlighted in gray.
Bold highlights the best value per column. Cases where the QAD result is worse than its Greedy counterpart are
marked with a red down arrow ↓. Cases where the context-aware result is better than the sentence level result are
marked with a green underline.

ging is performed by obtaining source-target word
alignments; if an alignment pair occurs more than
a specific number of times in the document (three
in our experiments, following MuDA), the word is
tagged for lexical repetition.

3.4.3 LLM-Based Evaluation
Evaluating LLMs automatically has become in-
creasingly difficult due to their rapid advancements.
Consequently, using language models to automat-
ically assess long-form text (LLM-as-a-judge) is
gaining popularity. We employ the multilingual
M-Prometheus (Pombal et al., 2025) judge in an ab-
solute evaluation setup where the judge is provided
with the instruction used to prompt the translation
model, along with the translation output. The judge
assigns a rating between 1 and 5, accompanied
by an explanation of the decision. Since we use
different prompting setups (§3.3), the instructions
provided to the judge are different, which makes di-
rect comparisons unfair. Therefore, we report only
the difference between greedy and QAD scores for
each model rather than their absolute scores.

4 Results

In Table 2, we present the results on the DELA
corpus. We see that LLMs often fall behind NLLB-

3.3B in translation and discourse phenomena per-
formance when using greedy decoding. Interest-
ingly, we observe that using QAD notably im-
proves both overall translation and discourse phe-
nomena handling of LLMs, allowing them to out-
perform NLLB-3.3B.9 In Table 3 we show the
results on the TED2020 dataset averaged across
all language pairs. WMT24++ results are de-
ferred to Appendix B as they evidence similar
overall trends. Detailed language-specific results
are in Appendix C. The results highlight the sub-
stantial improvements in discourse and transla-
tion performance of translation-finetuned LLMs
(TowerInstruct-13B and EuroLLM-9B-Inst) us-
ing QAD. The performance of general-purpose
LLMs (Qwen3-14B and Gemma3-12B-it) is also
improved, though the gains are more modest,
which could be attributed to the lack of translation-
specific specialization in those models. Among
all languages and datasets tested, TowerInstruct-
13B achieves the best overall performance, high-
lighting the effectiveness of specialized transla-
tion finetuning in encoding discourse awareness
in LLMs. Additionally, we present the differences

9Although NLLB performs well on discourse phenomena,
without access to context it guesses outputs that may align with
intended translations but remain inconsistent and unprincipled.
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Figure 1: Difference between QAD and greedy LLM-
as-a-judge scores on TED2020 data. The top-to-bottom
order of the legend corresponds to the left-to-right order
of the bars in each language group. The plot demon-
strates that QAD improves the performance of LLMs.

between greedy and QAD scores from the LLM-
as-a-judge evaluation for TED2020 data in Fig-
ure 1, WMT24++ results are in Appendix B. The
results, consistent with automatic metrics, show
that QAD noticeably enhances the performance
of (TowerInstruct-13B, EuroLLM-9B-Inst), while
the improvements for Gemma3-12B-it and Qwen3-
14B are relatively modest. In contrast, QAD does
not improve on the performance of NLLB-3.3B.

From Tables 2 and 3, the effectiveness of QAD
is evident in both sentence-level and context-aware
setups of LLMs. Although sentence-level se-
tups sometimes achieve higher overall transla-
tion performance (specially with greedy decod-
ing), context-aware setups consistently achieve bet-
ter performance on discourse phenomena. No-
tably, COMETQE and docCOMETQE tend to rate
sentence-level outputs higher than context-aware
ones, unlike other metrics. Through further an-
alysis and manual inspection, we find that while
fluency and correctness are comparable, sentence-
level outputs are shorter on average, suggesting a
bias in COMETQE toward brevity. Similar bias
toward shorter tanslations has been observed for
other COMET variants (e.g. XCOMET; Guerreiro
et al. (2024)) in Perrella et al. (2024). In combina-
tion with our findings, we hope it motivates further
research on the behavior and robustness of such
metrics for context-aware translation evaluation.

5 Analysis

5.1 Inference Setup Ablation

We perform an ablation study on the entire DELA
data using the TowerInstruct-13B model, compar-

ing different inference setups. Specifically:

QAD. We explore the following utility functions:
• Translation metrics. BLEU, ChrF (Popović,

2015) and COMET scores. Here, we use
MBR with 50 samples-per-instance generated
using nucleus sampling (p=0.9).

• Discourse-specific metrics. Lexical cohesion
(LC) ratio (Wong and Kit, 2012), which is
the number of lexical cohesion devices (rep-
etitions, hypernyms, and synonyms) divided
by the total number of content words, and Dis-
coScore (Zhao et al., 2023), a parametrized
metric that uses BERT (Devlin et al., 2019)
to model discourse coherence through sen-
tence graphs. Here, we use MBR with 20
samples-per-instance generated using nucleus
sampling (p=0.9).10

Fusion. Proposed by Vernikos and Popescu-Belis
(2024), the approach works by combining spans
from different candidates generated via nucleus
sampling (p=0.9) using a QE metric (COMETQE).

Automatic post editing (APE). Editing greedy
outputs using XTOWER (Treviso et al., 2024) and
XCOMET (Guerreiro et al., 2024), as in the IT-
Unbabel team’s submission to the quality estima-
tion shared task at WMT24 (Zerva et al., 2024).

We assess the methods based on translation
and discourse phenomena performance. Based
on Table 4, QAD outperforms other inference
approaches, including fusion and APE. Notably,
translation metrics are more effective utility
functions compared to discourse-specific metrics,
with lexical measures (BLEU, ChrF) slightly out-
performing the pretrained COMET, though overall
performance remains comparable. Statistical
significance testing, using greedy decoding as the
baseline, shows significant improvements across
all metrics for QAD with BLEU, ChrF, COMET,
and Disco. However, QAD (LC), fusion, and APE
are not outperforming the greedy baseline for dis-
course phenomena. In Appendix F, we report the
runtime details for all inference setups, demonstrat-
ing that QAD with translation metrics (specifically
BLEUand ChrF) offers the best trade-off between
translation quality and computational cost.

Inspired by Zerva et al. (2024), to gain deeper
insight into the discourse-related revisions intro-

10We use 20 samples instead of 50 due to computational
constraints, as the discourse metrics involve generating an
entity graph for each sample, which becomes impractical with
a higher number of samples.
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BLEU ChrF COMET docCOMET COMETQE docCOMETQE Rep. Formal. Pro.

Greedy 41.0 66.6 86.0 81.2 79.1 74.5 85 66 50
QAD(BLEU) 57.4* 76.3* 89.6* 85.4* 82.0* 79.5* 90* 76* 60*
QAD(ChrF) 55.8* 76.9* 89.7* 85.4* 82.2* 79.6* 90* 77* 61*
QAD(COMET) 54.2* 75.0* 90.9* 86.2* 83.1* 80.7* 89* 76* 62*
QAD(LC) 41.3 67.5* 84.6* 81.8* 79.6* 75.5* 85 64 49
QAD(Disco) 55.3* 75.1* 89.4* 85.0* 81.8* 78.9* 89* 76* 57*
Fusion 41.6 67.8* 89.1* 84.1* 85.7* 82.5* 86 67 46
APE 44.3* 68.4* 87.7* 82.6* 82.0* 77.9* 84 69 47

Table 4: Translation and discourse phenomena performance of different decoding setups using TowerInstruct-13B
on DELA data. Bold highlights the best value per column (with statistical significance p<0.05). Statistically
significant outputs compared to the greedy output are marked with "*" (paired bootstrap resampling (Koehn, 2004)).

Setup Edit rate

QAD (BLEU) 32.7
QAD (ChrF) 33.6
QAD (COMET) 35.4
QAD (LC) 46.4
QAD (Disco) 34.5
Fusion 45.1
APE 29.6

Table 5: Edit rate against the greedy output.

duced by each setup, we analyze the edit rate in
their outputs relative to greedy decoding, using it
as a proxy for discourse-related revisions. The an-
alysis focuses on sentences tagged with discourse
phenomena using MuDA (Fernandes et al., 2023).
In Table 5, we present the edit rate of each setup
compared to the greedy output. Tables 4 and 5
show that the edit rate is aligned with discourse
and translation performance. A moderate level
of edit operations (insert, delete, substitute, shift)
produces strong translation and discourse perfor-
mance results, as demonstrated by the utility func-
tions BLEU, ChrF, COMET, and DiscoScore. How-
ever, deviations from this balance, whether through
fewer edits (APE) or excessive edits (LC and fu-
sion), compromise performance. Overall, this an-
alysis highlights that among the experimented se-
tups, QAD with translation metrics is the best
setup to improve discourse performance.

5.2 Human Evaluation and Qualitative
Analysis

We conduct a small-scale manual evaluation of the
outputs to examine the semantic differences be-
tween greedy and QAD outputs, and to confirm
the findings of the automated evaluation of dis-
course phenomena, which relies on MuDA (Fer-
nandes et al., 2023). We use the outputs of the

Figure 2: Human-annotated accuracy of greedy and
QAD outputs in handling discourse phenomena, aver-
aged across all languages where the phenomena occur
(number of languages is at the bottom). Arabic is ex-
cluded from this plot to avoid model-specific biases.

Figure 3: Semantic difference vs. preference summed
over all languages (except Arabic).

best-performing model on TED2020 data, which is
TowerInstruct-13B for all languages except Ara-
bic, where we use EuroLLM-9B-Inst. We ran-
domly sample a subset of 25 instances of {source,
greedy_MT, QAD_MT} for each language, all anno-
tated with discourse phenomena via MuDA (Fer-
nandes et al., 2023) and accompanied with preced-
ing context. We provide these to native or bilingual
speakers —who voluntarily participated in the an-
notation process— as we are interested in how non-
expert translators from the general public perceive
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the translations (discourse-related quality improve-
ments should be perceivable by the general popula-
tion, as they are highly relevant to communication
and conversation quality). We mask the MT type
information11 and ask them to annotate the data
as follows: first, identify any of the four linguistic
phenomena present in the source sentence. Once
identified, they determine whether the phenomenon
is translated correctly in (a) the greedy translation
and (b) the QAD translation. Next, they annotate
the semantic difference between the greedy and
QAD hypotheses using a Likert scale ranging from
1 to 5. They then select their preferred translation
between the two hypotheses and may optionally
provide comments explaining their preference and
observations (full guidelines in Appendix G).

Annotation statistics are presented in Ap-
pendix A, where we see a high correlation between
automatic tags with MuDA and human tags (with
an overlap of 60%-100%). Figure 2 presents the
average performance of greedy and QAD outputs
across languages, showing improved performance
for QAD across all phenomena, which aligns with
the results of the automatic evaluation.

Results of the semantic difference against prefer-
ences are presented in Figure 3 (Arabic is excluded
from these figures to remove model-specific bias;
its results in Appendix D confirm the same find-
ings). We notice that QAD output is generally
preferred, while greedy output tends to be less fre-
quently chosen as the preferred option, especially
when there are larger semantic differences between
the outputs. Greedy output is still sometimes pre-
ferred in cases where the semantic differences are
smaller. These patterns suggest that QAD gen-
erates semantically richer samples that align
with human preferences compared to greedy de-
coding. In addition, analyzing the comments we
received from the participants, it seems that QAD-
based outputs are closer to human perception in
terms of discourse and fluency, even when transla-
tion errors occur.

Finally, in Appendix J, we present the details
and findings of a qualitative analysis on TED2020
data. We analyze sentence-level and context-aware
greedy and QAD outputs and showcase specific ex-
amples demonstrating how the context-aware QAD
setup unlocks models’ ability to handle different
discourse phenomena such as pronoun disambigua-

11Annotators see the translation hypotheses as pairs of
output_1, output_2

tion, lexical repetition, formality and verb forms.

6 Related Work

We provide an overview of research on document-
level MT, covering model architectures, adaptation
of LLMs for document-level translation, and evalu-
ation metrics for assessing discourse performance.

Document-level translation. Document-level
translation models allow incorporating inter-
sentential dependencies during translation. Archi-
tectures include single-encoder approaches (Tiede-
mann and Scherrer, 2017; Bawden et al., 2018),
multi-encoder approaches (Libovický and Helcl,
2017; Zoph and Knight, 2016; Wang et al., 2017;
Bawden et al., 2018; Zhang et al., 2018; Li et al.,
2020; Lupo et al., 2022), multi-hop transformers
(Zhang et al., 2021), hierarchical context-encoders
(Wang et al., 2017; Miculicich et al., 2018; Maruf
et al., 2019; Yun et al., 2020), and document-
embedding approaches (Huo et al., 2020; Macé
and Servan, 2019; Morishita et al., 2021).

LLMs for document-level translation. LLMs
are becoming increasingly competitive in MT
(Kocmi et al., 2024). Efforts to adapt LLMs
for document-level MT include finetuning mod-
els using mixed sentence-level and document-
level instructions (Li et al., 2024b; Ramos et al.,
2025), prompting models via in-context learning
(Cui et al., 2024), hybrid techniques combining
sentence-level translation models and monolingual
document-level language models (Petrick et al.,
2023), and agentic systems based on multi-level
memory (Wang et al., 2025).

Discourse evaluation in machine translation.
Studying discourse characteristics in MT has been
going on since the early works on rule-based and
statistical MT systems (Hardmeier, 2012) and
continued as NMT models prevailed (Tan et al.,
2022a; Honda et al., 2023; Luo et al., 2024). Sub-
sequent studies have developed discourse-specific
datasets and benchmarks, including test sets for
coreference, entities, terminology, quotations,
and readability (Jiang et al., 2023; Jwalapuram
et al., 2020; Müller et al., 2018; Lopes et al.,
2020). Research efforts have also focused on
designing evaluation metrics to assess discourse
performance, such as cohesion, coreference
resolution, terminology consistency, and zero
pronoun translation (Tan et al., 2022b; Bawden
et al., 2018; Wu et al., 2024a; Wang et al., 2023).
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7 Conclusion

We investigate the discourse phenomena perfor-
mance of LLMs in context-aware translation.
Specifically, we examine four aspects of discourse:
lexical repetition, formality, pronoun resolution,
and verb forms. Our findings reveal that LLMs
still exhibit weaknesses in discourse performance
when using greedy decoding. To address this limita-
tion, we propose the use of quality-aware decoding
(QAD) to better leverage the discourse knowledge
encoded within LLMs. We demonstrate the effec-
tiveness of QAD through extensive automatic eval-
uations across six language pairs and two datasets.
Additionally, we conduct an ablation study com-
paring different decoding methods and perform a
human assessment on a subset of the data to ana-
lyze the lexical and semantic changes introduced
by QAD. To support further research, we release
the dataset with human annotations of discourse
phenomena. Future research can explore the use
of such annotated data as a reward signal for fine-
tuning LLMs to further enhance their discourse
phenomena performance.

Limitations

• We use MuDA (Fernandes et al., 2023) as it
provides an automatic method for tagging var-
ious discourse phenomena. However, it does
not capture all aspects of discourse in trans-
lation such as zero pronoun translation, read-
ability, etc. Additionally, we adopt MuDA’s
default alignment and coreference resolution
models, which may not reflect the current state
of the art. Enhancing these components and
employing a more comprehensive discourse
evaluation are directions for future research.

• We experiment with only one sampling ap-
proach and one hyperparameter setup for it
(nucleus sampling with p=0.9). We leave it
to future research to investigate the effect of
the number of samples, the sampling method
used and its hyper-parameters on discourse
performance.

• We perform the LLM-as-a-judge evaluation
at the overall translation level, as we utilize
an off-the-shelf model that was not sensitive
to specific phenomena changes. Future work
could focus on adapting LLM judges to dis-
course phenomena evaluation.

• We attempt to cover as many languages and
models as possible, given the experimental
resources we have. Additional observations
may arise for languages and models we did
not cover.

• We perform the human evaluation on a limited
amount of data. Based on our conclusions,
it would be useful to have a larger dataset
with human annotations, which would allow
for more comprehensive experiments, super-
vision of models, etc.

• The performance on the discourse phenomena
we study can be affected by gender bias in
the tested models, we leave it to future work
to study the correlation between models’ bias
and discourse performance.

Ethical Considerations

Machine translation is a widely adopted technol-
ogy, sometimes in sensitive, high-risk settings.
Even though we perform a thorough analysis of
LLMs’ performance on discourse phenomena dur-
ing translation, and propose the use of quality
aware-decoding to improve the performance, we
still rely heavily on automatic evaluation which is
imperfect. For systems deployed in critical scenar-
ios, we advocate for detailed, case-specific assess-
ments to ensure reliability.
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A Dataset statistics

Table 9 presents the dataset statistics for the three
corpora (DELA, TED2020, WMT24++), including
discourse phenomena statistics as well as the num-
ber of sentences and documents. Table 6 presents
the annotation statistics of discourse phenomena in
the human assessment analysis.

B WMT24++ Results

Table 10 shows the results on WMT24 ++ for av-
eraged across all language pairs. LLM-as-a-judge
scores are shown in Figure 4.

C Detailed Language-Specific Results

Detailed language-specific results for all models
on TED2020 and WMT24++ datasets are shown
in Tables 11 and 12, respectively. It is worth men-
tioning that all models exhibit low performance on
EN-DE WMT24++ data. A manual qualitative
analysis of the translations reveals that the refer-
ence translations are of suboptimal quality, often
consisting of short sentences.

D Results of Human Qualitative Analysis
on Arabic

Figure 5 shows the human annotations of the per-
formance of QAD and greedy outputs on Arabic.
Figure 6 shows the preference and semantic differ-
ence relationship for Arabic.

E Prompt Formats

Figures 7 to 9 present the prompt formats.

rep. Formal. Pro. Verb. Total (%)

EN-PT 12 1 7 1 15 60
EN-DE 16 5 15 6 22 88
EN-FR 5 14 10 9 21 84
EN-KO 0 2 4 25 25 100
EN-AR 6 0 10 2 16 64
EN-RU 4 7 7 6 16 64

Table 6: Human-annotated discourse phenomena statis-
tics, including counts of each phenomenon, the total
number of sentences tagged with phenomena and their
percentage of total sentences. Note that the total column
can be less than the sum of phenomena columns because
we can have multiple phenomena per sentence.

Setup Runtime

Greedy 1.1 min
QAD (BLEU) 43.7 min
QAD (ChrF) 55.3 min
QAD (COMET) 11.7 hr
QAD (LC) 17 hr
QAD (Disco) 41.3 hr
Fusion 35.2 min
APE 5.7 min

Table 7: Runtime details for all inference setups.

F Runtime Details

In Table 7 we present the runtime details of all in-
ference setups tested in §5.1. All experiments are
carried out under identical computational condi-
tions: a single H100 GPU with 192 GB of memory.

G Human Assessment Details

Details of the data and instructions given to the
annotators are presented in Table 14.

H Sustainability Statement

Our experiments run in 782h on 1 GPU NVIDIA
A100 40GB PCIe, and draw 334.06 kWh. Based
in [redacted for anonymity], this has a carbon foot-
print of 125.05 kg CO2e, which is equivalent to
11.37 tree-years (Lannelongue et al., 2021).

I SacreBLEU Signatures

To ensure reproducability, we present SacreBLEU
signatures for BLEU and ChrF metrics in Table 8.

J Qualitative Examples

With the help of human annotators, we manually an-
alyze the outputs of the sentence-level and context-
aware greedy and QAD setups using EuroLLM-
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metric signature

BLEU nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|version:2.5.1
ChrF nrefs:1|case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.5.1

Table 8: Evaluation-metrics signatures

9B-Inst model for Arabic and TowerInstruct-13B
model for other languages to understand how QAD
improves specific discourse phenomena. The an-
alysis is performed on TED2020 dataset. We sum-
marize our findings and present specific examples:

• Dual-pronoun disambiguation: using
context-aware QAD, the reference of the
pronoun they to a dual subject in Arabic is
correctly resolved, and the appropriate form
is applied (Figure 10).

• Plural-pronoun disambiguation: using
context-aware QAD, the reference of the pro-
noun you to a plural subject in Arabic is cor-
rectly resolved, and the appropriate form is
applied (Figure 11).

• Lexical repetition: using context-aware
QAD, the entity Lakota is translated consis-
tently with the context in Arabic (Figure 12).

• Plural-pronoun and past verb form: using
context-aware QAD, the reference of the pro-
noun you to a plural subject in Russian is cor-
rectly resolved. Additionally, the correct past
verb form said is used. Context-aware QAD
is the only setup where both phenomena are
handled (Figure 13).

• Formality and pronoun: using context-
aware QAD, the correct form of the singu-
lar second person pronoun you in Brazilian-
Portuguese is used, it also maintains the cor-
rect formality level of explicitly mentioning
the pronoun which conveys a conversational
tone rather than an implicit pronoun which is
more formal and detached (Figure 14).

K Beam Search Decoding For NLLB

Prior studies have shown the effectiveness of
beam search decoding for encoder–decoder mod-
els (Sutskever et al., 2014; Freitag and Al-Onaizan,
2017). In Table 13, we report the results of greedy
and beam search decoding for NLLB-3.3B on the
DELA dataset. We observe comparable perfor-
mance across the two decoding strategies and there-
fore adopt greedy decoding to ensure consistency
and comparability with the other models.

PT KO RU FR DE AR
Target language

2.0

1.5

1.0

0.5

0.0

0.5

1.0

QA
D-

gr
ee

dy
 sc

or
e 

di
ffe

re
nc

e

TowerInstruct 13B
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Figure 4: Difference between QAD and greedy LLM-
as-a-judge scores on WMT24++ data. The top-to-
bottom order of the legend corresponds to the left-to-
right order of the bars for each language. The plot
demonstrates that QAD improves the performance of
LLMs.

Figure 5: Human-annotated accuracy of greedy and
QAD outputs in handling discourse phenomena for Ara-
bic data.

Figure 6: Semantic difference vs. preference on Arabic
data.
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Lexical repetition Formality Pronouns Verb form Total Sentences Documents

DELA
EN-PT 1322 630 323 – 1866 (50.3) 3710 60

TED2020
EN-PT 6640 3151 2202 – 9877 (49.4) 20003 162
EN-DE 5386 4904 2186 – 10125 (50.4) 20077 160
EN-FR 6346 3315 7486 – 11642 (58.1) 20049 162
EN-KO 2190 1165 – – 3238 (16.2) 20017 162
EN-AR 4109 – 655 – 4654 (23.2) 20034 162
EN-RU 3544 2451 – – 5506 (27.4) 20084 163

WMT24
EN-PT 209 178 59 – 356 (37.1) 960 169
EN-DE 56 199 43 – 263 (27.4) 960 169
EN-FR 189 130 160 67 413 (43.0) 960 169
EN-KO 93 17 – – 109 (11.4) 960 169
EN-AR 166 – 39 – 198 (20.6) 960 169
EN-RU 129 90 – 70 255 (26.6) 960 169

Table 9: Dataset statistics, including counts of each phenomenon, the total number of sentences tagged with
phenomena and their percentage of total sentences (in parentheses), and the total number of sentences and documents
for each dataset and language pair. Note that the Total column can be less than the sum of phenomena columns
because we can have multiple phenomena per sentence.

BLEU COMET docCOMET COMETQE docCOMETQE L.repetition Formality Pronouns Verb form

ctx= 0
nllb G 20.3 72.5 70.3 75.8 67.4 56.5 40.8 44.2 34.5
nllb Q 22.2 73.3 71.0 76.5 68.6 53.3 ↓ 43.6 42.2 ↓ 41.5
tower G 16.9 72.3 69.9 74.8 66.3 49.8 33.8 28.7 26.5
tower Q 24.8 76.2 73.8 80.6 73.8 56.6 43.4 36.7 39.5
euro G 14.1 67.9 65.1 72.9 63.0 45.7 36.4 36.8 28.5
euro Q 21.5 72.0 69.2 79.6 72.6 57.5 45.4 41.2 43.0
gemma G 21.2 71.7 68.9 78.0 71.4 52.8 44.2 41.0 41.0
gemma Q 22.3 73.0 70.2 79.7 72.9 55.3 48.4 46.0 43.0
qwen G 19.5 71.4 68.8 78.2 70.8 52.3 41.2 44.0 36.5
qwen Q 20.8 72.3 69.6 79.8 72.9 54.7 40.0 ↓ 43.2 ↓ 39.5

ctx= 5
tower G 17.0 73.0 71.5 69.0 63.5 54.2 39.8 38.0 25.5
tower Q 25.7 78.5 76.7 76.0 72.0 60.2 49.2 41.0 41.5
euro G 15.9 71.9 69.6 71.6 63.2 55.8 37.8 38.8 32.5
euro Q 24.9 77.1 74.8 78.5 72.1 65.3 46.6 46.5 43.0
gemma G 22.1 71.0 68.4 75.7 70.4 61.5 43.6 42.2 38.5
gemma Q 23.4 72.6 70.1 78.5 72.5 64.7 50.8 43.0 42.5
qwen G 20.5 72.1 69.6 78.2 71.1 62.5 47.6 44.8 38.5
qwen Q 21.7 72.8 70.4 79.6 73.0 64.2 42.2 ↓ 48.0 39.0

Table 10: Translation and discourse phenomena performance of all models (nllb=NLLB-3.3B, tower=TowerInstruct-
13B, euro=EuroLLM-9B-Inst, gemma=Gemma3-12B-it, qwen=Qwen3-14B) using greedy (G) and quality-aware
decoding (Q) on WMT24++ dataset in both sentence-level (ctx= 0) and context-aware (ctx= 5) setups. The results
are averaged across all language pairs. The encoder–decoder baseline (nllb=NLLB-3.3B) is highlighted in gray.
Bold highlights the best value per column. Cases where the QAD result is worse than its Greedy counterpart are
marked with a red down arrow ↓. Cases where the context-aware result is better than the sentence level result are
marked with a green underline.

Translate the following <src_lang> source text to <tgt_lang>.
<src_lang>: <src context 1> <src context 2> <src context 3> <src context 4> <src context 5>

<src_sentence>↪→
<tgt_lang>: <tgt context 1> <tgt context 2> <tgt context 3> <tgt context 4> <tgt context 5>

Figure 7: TowerInstruct-13B prompt format.
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Metric
nllb tower euro gemma qwen

ctx= 0 ctx= 0 ctx= 5 ctx= 0 ctx= 5 ctx= 0 ctx= 5 ctx= 0 ctx= 5
G Q G Q G Q G Q G Q G Q G Q G Q G Q

EN-PT

BLEU 40.4 41.8 26.5 38.5 30.4 42.5 24.7 37.4 21.0 38.9 38.1 39.2 40.2 39.1 38.3 39.2 40.1 41.0
COMET 87.0 87.2 83.6 87.5 84.6 88.2 82.7 86.8 81.1 87.2 85.0 87.1 85.8 87.1 87.1 87.3 87.6 87.8
docCOMET 82.3 82.5 78.0 82.6 79.8 83.9 75.6 80.4 74.2 81.1 79.7 82.2 80.7 82.2 82.2 82.5 82.9 83.2
COMETQE 82.7 82.9 80.1 83.6 78.8 82.2 79.6 83.5 77.7 83.3 80.8 83.2 81.4 83.2 83.0 83.2 82.9 83.1
docCOMETQE 80.1 80.5 75.5 81.4 74.1 79.7 73.2 81.3 68.9 81.1 78.5 80.8 78.7 80.8 80.6 81.0 80.7 81.1
L.repetition 80.0 80.0 73.0 79.0 78.0 83.0 73.0 80.0 75.0 83.0 76.0 78.0 80.0 78.0 79.0 80.0 82.0 82.0
Formality 65.0 67.0 46.0 62.0 58.0 69.0 56.0 66.0 53.0 68.0 19.0 64.0 38.0 64.0 64.0 65.0 66.0 67.0
Pronouns 51.0 51.0 34.0 43.0 51.0 61.0 41.0 49.0 47.0 57.0 45.0 47.0 54.0 47.0 48.0 48.0 55.0 55.0

EN-DE

BLEU 31.3 32.7 20.9 31.7 21.9 33.1 15.6 29.0 14.1 29.2 28.1 29.7 29.0 31.8 27.3 28.3 29.4 30.4
COMET 83.8 84.1 79.7 84.6 79.9 85.1 77.4 83.9 76.2 84.1 79.8 83.8 77.4 82.4 83.3 83.8 84.0 84.5
docCOMET 79.1 79.4 74.3 79.9 75.3 80.9 70.5 78.0 70.2 79.1 74.3 78.8 71.9 77.4 78.4 78.9 79.4 79.9
COMETQE 82.9 82.9 78.8 83.3 76.8 81.9 77.6 83.4 76.5 83.0 78.3 82.7 75.6 80.6 82.7 83.2 82.7 83.1
docCOMETQE 80.8 81.0 74.3 81.6 72.3 80.1 68.9 81.2 67.9 80.8 76.5 80.7 73.1 78.9 80.7 81.4 80.9 81.5
L. repetition 69.0 69.0 63.0 70.0 68.0 76.0 60.0 68.8 64.0 72.0 65.0 67.0 66.0 71.0 66.0 67.0 71.0 71.0
Formality 65.0 67.0 62.0 70.0 67.0 75.0 56.0 68.0 58.0 70.0 10.0 60.0 09.0 30.0 56.0 57.0 70.0 71.0
Pronouns 68.0 67.0 56.0 65.0 63.0 73.0 55.0 66.0 59.0 69.0 63.0 66.0 62.0 66.0 66.0 66.0 67.0 68.0

EN-FR

BLEU 41.0 43.0 27.2 40.3 31.1 42.9 21.2 37.2 20.5 38.7 36.8 38.3 37.7 39.1 37.2 38.3 39.2 40.1
COMET 84.0 84.5 80.9 85.1 81.6 85.7 77.7 84.3 76.8 84.5 81.4 84.3 78.6 82.3 84.1 84.3 84.7 85.0
docCOMET 80.0 80.6 76.4 81.2 77.8 82.3 71.6 79.3 71.4 80.1 76.9 80.1 73.9 78.0 80.1 80.1 80.9 81.3
COMETQE 84.1 84.4 82.2 85.3 80.9 84.1 79.6 84.9 78.1 84.6 81.7 84.7 78.9 83.0 84.7 84.7 84.7 84.9
docCOMETQE 81.7 82.5 78.1 83.4 77.1 82.2 71.1 82.5 68.9 82.2 80.1 82.4 76.6 80.6 82.6 82.4 82.8 83.2
L. repetition 78.0 79.0 71.0 77.0 76.0 81.0 69.0 77.0 70.0 79.0 74.0 77.0 72.0 77.0 77.0 77.0 79.0 79.0
Formality 75.0 74.0 66.0 75.0 71.0 79.0 60.0 75.0 61.0 76.0 18.0 71.0 11.0 51.0 66.0 66.0 77.0 77.0
Pronouns 75.0 75.0 64.0 73.0 72.0 79.0 63.0 73.0 64.0 76.0 66.0 69.0 69.0 72.0 71.0 72.0 77.0 78.0

EN-RU

BLEU 24.2 24.9 16.1 24.4 11.7 26.2 14.7 23.8 15.6 25.4 21.5 22.4 23.0 24.2 21.1 21.8 22.7 23.7
COMET 84.3 84.3 80.6 85.1 71.6 85.8 81.1 85.2 81.0 85.7 83.3 84.5 82.6 84.1 83.8 84.2 84.8 85.2
docCOMET 79.7 79.8 75.5 80.5 66.9 81.8 75.8 80.6 76.0 81.2 78.2 79.6 77.8 79.5 79.1 79.5 80.4 80.8
COMETQE 82.7 82.6 78.1 83.3 64.1 81.8 78.9 83.5 78.8 83.3 82.2 83.2 80.9 82.4 82.6 83.1 82.7 83.1
docCOMETQE 80.0 79.8 71.7 81.0 65.6 79.4 72.2 81.2 72.7 81.3 79.6 80.7 78.3 80.1 79.9 80.7 80.3 81.1
L. repetition 58.0 59.0 53.0 59.0 44.0 64.0 52.0 58.0 56.0 62.0 55.0 56.0 58.0 60.0 57.0 62.0 62.0 62.0
Formality 56.0 56.0 47.0 57.0 39.0 61.0 48.0 58.0 48.0 60.0 31.0 50.0 21.0 42.0 51.0 60.0 59.0 60.0

EN-AR

BLEU 12.5 12.5 N/A N/A N/A N/A 6.5 11.4 5.2 13.4 09.3 10.2 11.0 10.2 08.2 09.6 09.5 10.9
COMET 81.3 81.2 N/A N/A N/A N/A 77.2 82.1 75.0 82.5 80.1 81.5 78.0 81.6 77.9 80.9 79.3 81.8
docCOMET 75.0 74.9 N/A N/A N/A N/A 69.9 75.5 68.3 76.2 72.9 74.6 71.1 74.7 70.8 74.0 72.6 75.4
COMETQE 79.1 78.7 N/A N/A N/A N/A 74.0 80.3 70.8 79.5 78.9 80.3 75.8 80.3 75.9 79.3 76.3 79.3
docCOMETQE 76.6 75.9 N/A N/A N/A N/A 68.0 78.4 61.8 77.4 76.5 78.3 73.5 78.2 70.5 76.8 71.7 77.1
L. repetition 55.0 55.0 N/A N/A N/A N/A 48.0 54.0 53.0 60.0 52.0 53.0 54.0 53.0 50.0 51.0 57.0 58.0
Pronouns 51.0 49.0 N/A N/A N/A N/A 41.0 48.0 41.0 50.0 47.0 48.0 50.0 48.0 46.0 50.0 46.0 50.0

EN-KO

BLEU 20.6 20.9 14.2 20.8 9.7 20.3 12.1 20.9 13.6 23.7 16.9 18.7 20.3 22.4 16.4 18.3 19.4 21.4
COMET 84.7 84.7 82.9 86.1 80.1 85.9 81.3 85.7 82.0 86.8 81.8 85.3 83.0 85.0 84.5 85.8 85.8 86.9
docCOMET 79.1 79.0 76.4 80.4 74.4 80.9 74.8 80.1 76.0 81.6 75.2 79.1 77.1 79.5 78.2 79.7 80.4 81.7
COMETQE 84.7 84.4 81.4 85.6 74.7 82.6 80.3 85.5 79.9 85.4 81.3 85.0 82.1 84.4 84.3 85.7 84.5 85.7
docCOMETQE 80.9 80.4 75.8 82.3 67.7 79.2 72.7 82.1 73.4 82.2 78.6 81.5 79.2 81.3 80.0 82.3 80.7 82.6
L. repetition 45.0 46.0 40.0 47.0 44.0 52.0 39.0 45.0 45.0 50.0 40.0 44.0 49.0 50.0 42.0 43.0 49.0 50.0
Formality 26.0 24.0 23.0 27.0 26.0 39.0 20.0 28.0 27.0 38.0 04.0 32.0 13.0 26.0 15.0 13.0 33.0 35.0

Table 11: Detailed language-specific translation and discourse phenomena performance of all models (nllb=NLLB-
3.3B, tower=TowerInstruct-13B, euro=EuroLLM-9B-Inst, gemma=Gemma3-12B-it, qwen=Qwen3-14B) using
greedy (G) and quality-aware decoding (Q) on TED2020 dataset in both sentence-level (ctx= 0) and context-aware
(ctx= 5) setups. N/A: not applicable as TowerInstruct-13B is not trained on Arabic. Bold highlights the best value
per row. The random chance performance on discourse phenomena varies depending on the number of elements in
the list of ambiguous words, which differs across languages.

<src_lang>: <src context 1> <tgt_lang>: <tgt context 1>
<src_lang>: <src context 2> <tgt_lang>: <tgt context 2>
<src_lang>: <src context 3> <tgt_lang>: <tgt context 3>
<src_lang>: <src context 4> <tgt_lang>: <tgt context 4>
<src_lang>: <src context 5> <tgt_lang>: <tgt context 5>
Given the provided parallel sentence pairs, translate the following <src_lang> sentence to

<tgt_lang>.↪→
<src_lang>: <src sentence> <tgt_lang>:

Figure 8: EuroLLM-9B-Inst prompt format.

<src_lang>: <src context 1> <tgt_lang>: <tgt context 1>
<src_lang>: <src context 2> <tgt_lang>: <tgt context 2>
<src_lang>: <src context 3> <tgt_lang>: <tgt context 3>
<src_lang>: <src context 4> <tgt_lang>: <tgt context 4>
<src_lang>: <src context 5> <tgt_lang>: <tgt context 5>
Given the provided parallel sentence pairs, translate the following <src_lang> sentence to

<tgt_lang>. Do not give an explanation of your translation.↪→
<src_lang>: <src sentence> <tgt_lang>:

Figure 9: Gemma3-12B-it and Qwen3-14B prompt format.
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Metric
nllb tower euro gemma qwen

ctx= 0 ctx= 0 ctx= 5 ctx= 0 ctx= 5 ctx= 0 ctx= 5 ctx= 0 ctx= 5
G Q G Q G Q G Q G Q G Q G Q G Q G Q

EN-PT

BLEU 33.2 35.2 24.7 35.5 25.8 35.6 26.7 38.9 26.4 39.3 37.7 39.3 39.2 40.5 36.5 38.0 37.4 38.6
COMET 78.8 79.5 79.3 83.3 79.2 83.2 78.8 82.8 78.1 83.2 82.4 83.8 83.1 84.0 83.5 83.8 83.9 84.2
docCOMET 76.8 77.6 77.1 81.2 77.3 81.4 75.9 80.2 75.3 80.9 80.1 81.7 80.8 81.8 81.3 81.7 81.8 82.2
COMETQE 75.7 76.5 75.0 79.8 73.7 78.4 74.8 79.7 73.5 79.1 77.9 79.6 78.1 79.2 79.2 79.5 79.2 79.5
docCOMETQE 67.5 68.5 66.9 73.2 66.3 72.4 66.0 73.1 64.7 73.0 71.1 72.7 72.1 72.9 72.2 72.9 72.7 73.1
L. repetition 77.0 76.0 75.0 79.0 78.0 83.0 79.0 82.0 79.0 84.0 79.0 80.0 84.0 84.0 80.0 83.0 85.0 85.0
Formality 58.0 62.0 45.0 58.0 47.0 61.0 57.0 66.0 58.0 66.0 55.0 65.0 62.0 64.0 65.0 65.0 65.0 63.0
Pronouns 49.0 50.0 20.0 35.0 42.0 49.0 45.0 45.0 46.0 56.0 47.0 48.0 46.0 45.0 49.0 44.0 44.0 47.0

EN-DE

BLEU 05.1 05.2 04.2 05.5 07.9 12.6 03.6 05.3 03.6 04.8 05.3 05.2 04.9 05.3 04.7 05.0 04.9 05.1
COMET 48.1 47.5 48.2 50.4 58.2 63.0 48.3 50.8 48.2 50.8 50.3 50.8 47.9 49.7 49.9 50.4 50.4 50.6
docCOMET 46.0 45.6 46.1 47.9 57.0 61.6 45.8 47.9 45.9 48.2 47.6 48.3 45.2 47.4 47.5 47.8 47.9 48.1
COMETQE 77.1 76.9 74.5 80.4 58.6 65.2 74.0 80.2 67.4 75.9 77.4 80.1 70.9 77.1 79.6 80.4 79.6 80.2
docCOMETQE 69.7 69.4 67.0 74.2 59.9 68.8 64.3 74.2 61.5 71.3 71.7 74.0 67.0 72.4 73.2 74.5 73.7 74.5
L. repetition 26.0 27.0 33.0 29.0 22.0 23.0 32.0 29.0 30.0 29.0 30.0 30.0 34.0 33.0 28.0 28.0 29.0 28.0
Formality 23.0 23.0 22.0 24.0 36.0 37.0 23.0 25.0 24.0 23.0 18.0 24.0 15.0 21.0 22.0 22.0 22.0 22.0
Pronouns 26.0 23.0 19.0 28.0 22.0 14.0 22.0 26.0 26.0 23.0 27.0 27.0 25.0 26.0 28.0 27.0 26.0 29.0

EN-FR

BLEU 23.3 32.8 24.5 35.3 25.7 36.9 24.2 36.5 23.3 32.8 36.0 38.0 36.2 38.8 33.8 35.0 34.9 36.3
COMET 74.0 79.7 77.0 81.2 76.6 81.3 74.6 80.2 74.0 79.7 79.4 81.2 78.3 81.0 80.4 80.8 81.2 81.7
docCOMET 72.7 78.0 75.3 79.6 75.6 80.1 72.5 78.3 72.7 78.0 77.9 79.8 77.0 79.6 78.9 79.2 79.7 80.3
COMETQE 74.0 80.1 77.1 81.8 75.5 81.1 75.5 81.5 74.0 80.1 79.6 81.3 78.0 80.7 81.3 81.8 81.2 81.7
docCOMETQE 65.1 73.5 68.2 74.7 68.3 74.6 64.8 73.9 65.1 73.5 72.8 74.1 72.4 74.0 74.0 74.5 74.3 75.0
L. repetition 66.0 72.0 69.0 75.0 72.0 80.0 65.0 73.0 66.0 72.0 73.0 75.0 73.0 77.0 73.0 74.0 79.0 78.0
Formality 49.0 58.0 53.0 57.0 57.0 61.0 50.0 61.0 49.0 58.0 56.0 64.0 57.0 68.0 61.0 62.0 63.0 65.0
Pronouns 47.0 53.0 47.0 47.0 50.0 60.0 44.0 50.0 47.0 53.0 51.0 53.0 57.0 60.0 50.0 49.0 58.0 60.0
Verb form 37.0 49.0 27.0 43.0 30.0 45.0 35.0 49.0 37.0 49.0 47.0 48.0 44.0 47.0 45.0 46.0 45.0 45.0

EN-RU

BLEU 20.6 20.7 14.8 22.5 13.7 23.2 14.7 22.3 15.1 23.5 22.3 23.5 23.8 24.6 20.0 21.6 22.1 23.2
COMET 76.1 76.2 76.2 81.2 73.8 81.5 76.4 81.1 76.0 81.6 81.1 82.0 81.0 82.1 80.2 80.7 81.6 81.9
docCOMET 74.0 74.1 73.7 78.6 72.5 79.6 73.9 78.6 74.0 79.4 78.4 79.6 78.7 79.8 77.6 78.2 79.3 79.7
COMETQE 75.8 75.5 71.7 79.0 67.5 77.5 72.6 79.3 72.2 78.8 78.7 79.4 77.5 78.7 78.6 79.5 78.7 79.2
docCOMETQE 67.0 67.0 61.7 71.6 59.5 70.6 62.5 71.7 63.6 71.5 71.6 72.2 70.6 71.8 70.7 72.1 71.3 72.2
L. repetition 63.0 53.0 50.0 63.0 65.0 72.0 42.0 60.0 64.0 75.0 46.0 49.0 72.0 73.0 48.0 48.0 72.0 75.0
Formality 47.0 48.0 39.0 48.0 34.0 55.0 43.0 53.0 49.0 52.0 48.0 51.0 51.0 53.0 41.0 44.0 48.0 30.0
Verb form 32.0 34.0 26.0 36.0 21.0 38.0 22.0 37.0 28.0 37.0 35.0 38.0 33.0 38.0 28.0 33.0 32.0 33.0

EN-AR

BLEU 17.5 16.9 N/A N/A N/A N/A 00.3 00.5 10.3 20.6 00.4 00.5 00.4 00.5 00.4 00.4 00.5 00.5
COMET 77.8 77.1 N/A N/A N/A N/A 50.1 52.4 75.3 81.7 53.4 53.7 50.6 52.3 50.7 52.5 50.7 52.4
docCOMET 75.2 74.3 N/A N/A N/A N/A 46.6 48.7 72.7 79.2 49.5 50.0 47.2 49.0 47.2 48.9 47.4 49.0
COMETQE 72.7 71.0 N/A N/A N/A N/A 65.7 74.9 66.8 75.1 74.6 76.1 69.1 72.9 70.1 74.8 69.7 74.4
docCOMETQE 64.7 63.1 N/A N/A N/A N/A 55.3 68.1 57.5 67.9 68.0 69.4 65.4 68.0 61.6 67.3 61.6 67.2
L. repetition 63.0 60.0 N/A N/A N/A N/A 33.0 60.0 58.0 75.0 50.0 54.0 51.0 59.0 53.0 60.0 62.0 69.0
Pronouns 55.0 43.0 N/A N/A N/A N/A 36.0 44.0 36.0 54.0 39.0 56.0 41.0 41.0 49.0 53.0 51.0 56.0

EN-KO

BLEU 22.2 22.1 16.2 25.2 12.0 20.1 15.0 25.8 17.0 28.6 25.3 27.6 27.8 30.6 21.6 24.9 23.5 26.7
COMET 80.1 79.6 80.8 85.0 77.4 83.4 79.2 84.6 79.9 85.7 83.8 86.5 84.9 86.3 83.9 85.5 84.8 86.2
docCOMET 77.2 76.7 77.2 81.7 75.1 80.9 75.8 81.5 76.9 82.8 80.1 82.0 81.7 83.3 80.3 81.9 81.6 83.0
COMETQE 79.4 78.7 75.9 81.9 69.5 77.9 75.1 81.9 75.4 82.1 79.9 81.9 80.4 82.3 80.4 82.7 80.6 82.5
docCOMETQE 70.2 70.3 67.7 75.2 63.7 73.6 65.3 74.6 66.6 75.2 73.4 75.2 74.7 75.8 72.8 75.8 73.2 76.0
L. repetition 44.0 32.0 22.0 37.0 34.0 43.0 23.0 41.0 38.0 57.0 39.0 44.0 55.0 62.0 32.0 35.0 48.0 50.0
Formality 27.0 27.0 10.0 30.0 25.0 32.0 09.0 22.0 09.0 34.0 44.0 38.0 33.0 48.0 17.0 07.0 40.0 31.0

Table 12: Detailed language-specific translation and discourse phenomena performance of all models (nllb=NLLB-
3.3B, tower=TowerInstruct-13B, euro=EuroLLM-9B-Inst, gemma=Gemma3-12B-it, qwen=Qwen3-14B) using
greedy (G) and quality-aware decoding (Q) on WMT24++ dataset in both sentence-level (ctx= 0) and context-aware
(ctx= 5) setups. N/A: not applicable as TowerInstruct-13B is not trained on Arabic. Bold highlights the best value
per row.

BLEU COMET docCOMET COMETQE docCOMETQE L.repetition Formality Pronouns

nllb Greedy 55.2 87.1 82.2 81.5 75.4 87.0 75.0 45.0
nllb Beam 55.9 87.2 82.1 81.8 76.4 85.0 75.0 48.0

Table 13: Translation and discourse phenomena performance of NLLB-3.3B model using greedy decoding and
beam search decoding (beam=5).
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We present the participants with 25 samples including the following data:

• The source context which was given to the translation model, which are (up to 5) previous sentences in the source
document.

• The English source sentence.

• The output context which was given to the translation model, which are (up to 5) previous sentences in the output
document.

• output 1: the output of the first system

• output 2: the output of the second system

Annotators are asked to assess the following:

• Semantic difference: Rate the semantic difference of the two outputs on a scale of 1 to 5, ignoring differences in
wording. Consider whether they convey the same meaning.

– 1: the two sentences convey the same meaning.
– 5: the two sentences convey completely different meanings.

• Pronoun resolution: Does the source sentence contain an ambiguous pronoun (a pronoun whose referent is unclear
or not explicitly mentioned), and what is it?

– If yes, is it correctly translated in output 1?
– If yes, is it correctly translated in output 2?

• Lexical repetition: Does the source sentence contain an entity (e.g., noun, occupation) previously mentioned in the
source context, and what is the entity?

– If yes, is it translated consistently with its previous translation in the output context in output 1?
– If yes, is it translated consistently with its previous translation in the output context in output 2?

• Formality: Does the source sentence exhibit a formality phenomenon (e.g., addressing someone formally or
expressing respect), and what is the word that exhibits the phenomenon?

– If yes, is it handled in the output 1?
– If yes, is it handled in the output 2?

• Verb form: Does the source sentence contain an ambiguous verb that can have different forms depending on the
gender or formality level of the subject, and what is the verb?

– If yes, is it correctly translated in output 1?
– If yes, is it correctly translated in output 2?

• General comment (optional): Provide comments or observations about the two outputs. Highlight strengths,
weaknesses, or notable phenomena (e.g., mistranslation, cultural adaptation, or syntactic errors). Please also
highlight other linguistic phenomena we may have missed in the categories provided.

• Preference: Which output do you prefer? (output 1, output 2, equally good, equally bad)

Table 14: Human assessment details.
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src ctx
(Applause) He's actually here today. 
(Applause) The trick here is my brother would become an experimental 
poet, not a businessman, but the intention was really good. 
(Laughter) In any case, I didn't readily claim the feminist label, even though 
it was all around me, because I associated it with my mom's women's 
groups, her swishy skirts and her shoulder pads -- none of which had much 
cachet in the hallways of Palmer High School where I was trying to be cool 
at the time. 
But I suspected there was something really important about this whole 
feminism thing, so I started covertly tiptoeing into my mom's bookshelves 
and picking books off and reading them -- never, of course, admitting that I 
was doing so. 
I didn't actually claim the feminist label until I went to Barnard College and I 
heard Amy Richards and Jennifer Baumgardner speak for the first time.

ref ctx
(تصفیق) في الحقیقة ھو ھنا الیوم

(تصفیق) الجمیل في الامر .. ان اخي لم یصبح رجل اعمال .. بل غدا شاعر تجریبي المھمة ان النیة كانت 

سلیمة

(ضحك) على كلٍ .. انا لم اطلب ان أسُمى بمناصرة النسویة رغم انھا كانت محیطة بي .. لانني .. كنت 

اربط ذلك المسمى .. بوالدتي وصدیقاتھا .. اللاتي یرتدین التنانیر المقصفة .. والملابس ذوات حاملات 

الكتف والتي لم تكن اي منھا تثیر اھتمامي خاصة لانني طالبة في ثانویة تلال بالمیر حیث كنت احاول ان 

اكون عصریة آنذاك

وكنت اشك بوجود فائدة ما ولا بد من الحركة النسویة ككل لذا بدأت اتلصص على رف كتب والدتي .. 

واختار كتباً وابدأ بقراءتھا دون أن أخبر احداً بذلك ..

في الحقیقة لم اعلن الانتساب الى الحركة النسویة .. حتى انضمامي الى كلیة برنارد فسمعت حینھا " آمي 

ریتشاردز .. و جینفر بامجرادنیر " تتحدثان للمرة الاولى

src
They were the co-authors of a book called "Manifesta."

ref
انھما مؤلفتا كتاب " مانیفیستنا "

Greedy ctx= 0:
.Manista وشاركوا في تألیف أحد الكتب المعنون بـ

QAD ctx= 5
كانتا مؤلفي كتاب بعنوان "مانیفیستا".

QAD ctx=0
ھم شاركوا في تألیف كتاب بعنوان "مانیفستا".

Greedy ctx= 5
كانوا مؤلفین مشاركین لكتاب یُدعى "مظاھرات"

Figure 10: Dual pronouns in Arabic

src ctx
This is the first ever such experiment, sort of the optical equivalent of 
Galvani's.
It was done six or seven years ago by my then graduate student, Susana 
Lima.
Susana had engineered the fruit fly on the left so that just two out of the 
200,000 cells in its brain expressed the light-activated pore. 
You're familiar with these cells because they are the ones that frustrate you 
when you try to swat the fly. 
They trained the escape reflex that makes the fly jump into the air and fly 
away whenever you move your hand in position.

ref ctx
ھذه أول تجربة مذھلة من نوعھا , تطبیق بصري مكافئ لنظریة جالفاني .

قد تم تطبیقھا منذ ستة أو سبعة أعوام بواسطة طالبة دراسات علیا تحت إشرافي حیندئذ , سوزانا لیما .

قد صممت سوزانا ذبابة الفاكھة على الیسار بحیث إثنین فقط من المائتین ألف خلیة في عقلھا أظھرت الضوء 

المُنشط للمسام .

أنتم تعرفون جیداً ھذه الخلایا لأنھا مجموعة الخلایا ھذه التي تُحبطكم عندما تریدون ضرب الذبابة .

لقد تدربت على الھرب من الانعكاس ما یجعل الذبابة تطیر في الھواء وتطیر بعیداً عندما تحرك یدك لتضرب 

الذبابة .

src
And you can see here that the flash of light has exactly the same effect.

ref
ویمكنكم ھنا أن تروا ھذه الومضة من الضوء التي لھا نفس التأثیر بالضبط .

Greedy ctx= 0:
و یمكنك أن تشاھد ھنا أن ومیض الضوء لھ نفس التأثیر بالضبط.

QAD ctx= 5
ویمكنكم أن تروا ھنا أن ومضة الضوء لھا نفس التأثیر تماماً.

QAD ctx=0
یمكنك أن ترى ھنا أن ومضة الضوء لھا نفس التأثیر تمامًا.

Greedy ctx= 5
ومن ھنا نستطیع رؤیة أن الومیض الضوئي لھ تأثیر تماماً كالأثر نفسھ.

Figure 11: Plural pronouns in Arabic.
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src ctx
The problem with treaties is they allow tribes to exist as sovereign nations, 
and we can't have that. 
We had plans. 
1874: General George Custer announced the discovery of gold in Lakota 
territory, specifically the Black Hills. 
The news of gold creates a massive influx of white settlers into Lakota 
Nation. 
Custer recommends that Congress find a way to end the treaties with the 
Lakota as soon as possible.

ref ctx
مشكلتنا مع المعاھدات أنھا تضمن للقبائل سیادتھا على أراضیھا.

ونحن لا نرضى بذلك فقد كان لدینا خطط أخرى.

عام 1874: أعلن الجنرال جورج كستر اكتشاف الذھب في أراضي قبائل الـ"لاكوتا" تحدیدا في "التلال 

السوداء"

الخبر الجدید سبب تدفقا ھائلا من المستوطنین البیض إلى أراضي قبائل الـ"لاكوتا.

أوصى الجنرال كسترا الكونغرس بإیجاد ذریعة لإنھاء المعادات المبرمة مع الـ"لاكوتا" في أقرب وقت ممكن.

src
1875: The Lakota war begins over the violation of the Fort Laramie Treaty.

ref
عام 1875: اشتعلت حروب الـ"لاكوتا" بعد مخالفة معھادة "حصن لارامي".

Greedy ctx= 0:
1875: حرب لآطوكا تبدأ بسبب خرق معاھدة فورت لارامي.

QAD ctx= 5
1875: بدأت حرب الـ"لاكوتا" بسبب انتھاك معاھدة فورت لارامي.

QAD ctx=0
1875: حرب لاكوتا تبدأ بسبب انتھاك معاھدة فورت لارامي.

Greedy ctx= 5
1875: بدأت حرب بین "لاكوتا" بسبب انتھاك معاھدة فورت لارامي.

Figure 12: Lexical repetition in Arabic.

src ctx

Everything can be measured before Wounded Knee and after, because it was 

in this moment, with the fingers on the triggers of the Hotchkiss guns, that 

the US government openly declared its position on Native rights. 

They were tired of treaties. 

They were tired of ghost dances.

And they were tired of all the inconveniences of the Sioux. 

So they brought out their cannons.

ref ctx

Все можно разделить на периоды "До" и "После" Вундед-ни. Потому что 

в тот момент с нажимая курки пулеметов Гочкисса Американское 

правительство открыто заявило о своей позиции касательно прав 

коренного населения. 

Они устали от договоренностей. Они устали от священных холмов. 

Они устали от танцев призраков. 

И они устали от всех "неудобств" Сиу. 

И они привели свои пулеметы.

src
"You want to be an Indian now?" they said, finger on the trigger.

ref
"Вы все еще хотите быть индейцами," сказали они, держа палец на 
спусковом крючке.

Greedy ctx= 0:
"Теперь ты хочешь стать индейцем?", - поставили он указательный 
палец на курок.

QAD ctx= 5
"Теперь вы хотите быть индейцами?" спросили они, нажимая на курок.

QAD ctx=0
"Теперь ты хочешь быть индейцем?" - сказали они, нажав на спусковой 
крючок.

Greedy ctx= 5
"Теперь вы хотите быть индейцами?" спрашивают они, ставя палец на 
курок.

Figure 13: Plural pronoun and verb form in Russian.
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src ctx
Pick well. 
And I am personally going to train people to give this slideshow -- 
re-purposed, with some of the personal stories obviously replaced with a 
generic approach, and it's not just the slides, it's what they mean. 
And it's how they link together.
And so I'm going to be conducting a course this summer for a group of 
people that are nominated by different folks to come and then give it en 
masse, in communities all across the country, and we're going to update the 
slideshow for all of them every single week, to keep it right on the cutting 
edge. 
Working with Larry Lessig, it will be, somewhere in that process, posted with 
tools and limited-use copyrights, so that young people can remix it and do it 
in their own way.

ref ctx

Escolha bem. 
E eu vou pessoalmente treinar pessoas a fazer esta apresentação, 
re-colocada com algumas histórias pessoais trocadas por uma abordagem 
genérica, e -- não são apenas as imagens, é o que elas significam. 
E é como elas se relacionam. 
E eu vou oferecer um curso neste verão para um grupo de pessoas que 
foram indicadas por diferentes pessoas para vir e aprender, em massa, em 
comunidades em todo o país, e nós vamos atualizar este slideshow para 
todos eles toda semana para mantê-lo exato e apurado. 
Trabalhar com Larry Lessig, isso virá em algum momento deste processo, 
atualizado com ferramentas e copyright que controle o seu uso, para que os 
jovens possam remixar e fazer isso de seu próprio jeito.

src
Where did anybody get the idea that you ought to stay arm's length from 
politics?

ref
De onde foi que saiu a idéia que você tem que ficar distante dos políticos?

Greedy ctx= 0:
De onde surgiu a ideia de que se deve manter uma distância das questões 
políticas?

QAD ctx= 5
Onde é que alguém teve a ideia de que você deveria manter distância da 
política?

QAD ctx=0
De onde surgiu a ideia de que devemos manter distância da política?

Greedy ctx= 5
Como é que surgiu a ideia de que vocês deveriam manter distância política?

Figure 14: Formality and pronoun in Brazilian-Portuguese.
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