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Abstract

Translation quality depends on purpose: the
same source text demands different translations
depending on audience, tone, and communica-
tive intent. Yet MT models and metrics treat
translation as a fixed mapping from source to
target. LLMs enable users to explicitly specify
purpose alongside source text, yet this capabil-
ity has not been evaluated at scale. We intro-
duce a systematic evaluation of purpose-driven
MT across 50 languages, 5 model sizes and
8 text domains. We find that (1) explicit instruc-
tions substantially improve translation adapt-
edness, with larger gains on informal domains
(conversation, social media), for larger model
sizes and for higher-resource languages; (2) in-
structions outperform semantically-matched
few-shot examples and paragraph-level context;
(3) traditional MT metrics fail to capture adap-
tation quality, often penalizing adapted transla-
tions; (4) models can self-generate instructions
from surrounding document context, closing
up to 80% of the adaptedness gap to curated
instructions. Our results establish that purpose-
adapted MT is a viable and measurable capa-
bility of LLMs, while highlighting the need for
purpose-aware metrics.

1 Introduction

Translation theory has long argued that quality is
relative to purpose. Skopos theory (Nord, 1994)
holds that a translation’s adequacy should be mea-
sured against its intended function, not against a
universal standard of correctness. For example, the
English phrase “Excuse me” can be translated in
myriad different ways depending on intent and au-
dience. Yet traditional MT systems, and the metrics
that evaluate them, treat translation as a function
from source to target, ignoring purpose.

This reduction is a methodological choice.
Decades of parallel-corpus training and single-
reference evaluation (optimizing for scores against
one “correct” reference translation) systematically

excluded pragmatic factors like target audience and
communicative intent (Ma et al., 2025).

Carpuat et al. (2025) call for a paradigm shift:
a translation should be faithful to its intended pur-
pose, not merely to the source. LLMs offer a poten-
tial solution, as they let users specify the intended
context (audience, formality level, domain) along-
side the source text. But does this actually work?
For which languages, model sizes, and domains?
And what is the most effective way to convey pur-
pose: explicit instructions, in-context examples, or
surrounding document context?

Prior work on context-aware MT is limited in
scope, examining either implicit context through
document-level translation (Wang et al., 2023), or
explicit translation specifications on a single lan-
guage pair and a single domain (Yamada, 2023;
He, 2024; Sharkas, 2025). NLP research on contex-
tual adaptation through LLMs focuses on narrow
phenomena like formality or pronoun consistency
(Jiang et al., 2023; Choudhary et al., 2025). The
broader question of whether LLMs can systemati-
cally leverage user-provided specifications to pro-
duce purpose-adapted translations remains open.

We address the following research questions:

RQ1 To what extent can LLMs adapt translations to
instructions, and how does this vary by model
size, language resource level, and domain?

RQ2 How does instruction-based adaptation com-
pare to few-shot in-context examples, and to
document context?

RQ3 When curated instructions are unavailable, can
models generate effective ones from surround-
ing document context?

We evaluate on two translation benchmarks,
across 50+ languages, 5 model sizes (Gemma-3-
4B/12B/27B, Gemma-4-31B, Qwen3.5-27B), and
8 domains. We find that:
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French (Metadata: conversation, informal register; chat
with a friend (both female) in a messenger; sarcasm)
Source: “I am glad that you agree”
Instruction: Translate as a casual, sarcastic message
between female friends in a messenger chat.
W/o: Je suis content(e) que vous soyez d’accord.

— formal vous, relatively flat sentence that feels stiff
W/: Ah, super que tu sois d’accord, finalement.

— casual tu, more natural and lighter tone

Javanese (Metadata: narration; informal register; In-
spired by the fairy tale Timun Mas)
Source: “Once upon a time, there lived a husband and
wife in a village.”
Instruction: Translate as a traditional fairy tale narration.
Use simple, evocative language suitable for children.
W/o: Dukuné, ana lanang lan wadon sing urip ing desa.
— matter-of-fact phrasing with no storytelling flavor
W/: Ing jaman biyen, ana sawijining pasangan bojo sing
urip ing desa.
— fairy-tale opener, evocative and child-friendly

Table 1: Example translations from the 27B model show-
ing register adaptation through instructions. W/o = with-
out instruction; W/ = with instruction.

1. Instructions improve translation adaptedness,
with gains scaling with model size (§4.1), and
particularly high for informal domains (§4.3);

2. Instructions  outperform  semantically-
matched few-shot examples and paragraph-
level translation (§4.4);

3. Models can self-generate effective instruc-
tions from surrounding document context,
closing up to 80% of the adaptedness gap to
curated gold instructions (§5).

Together, these findings show that LLMs can
operationalize purpose-aware translation, and offer
concrete mechanisms for adapting outputs to user
intent, a step toward a more user-centered paradigm
in MT research .

2 Related Work

Controllable MT focuses on steering MT out-
put depending on pre-defined attributes: formality
(Sennrich et al., 2016; Niu et al., 2017; Nadejde
et al., 2022), gender (Vanmassenhove et al. 2018;
Currey et al. 2022), text complexity (Agrawal and
Carpuat, 2019), and terminology (Semenov et al.,
2023). These tasks pair each source with a category
label (formal/informal, masculine/feminine, sim-
ple/complex). Free-text instructions differ in two
ways. First, they let the model decide which cate-
gory applies: if I’'m addressing a stranger who is

!Code: github.com/raphaelmerx/purpose-mt

Vs o\
£ Source: Stop over-reacting, ) W Instruction
it will pass. LLM-draft + human edits Translate as a casual remark
J between friends, with a reassuring
yet slightly admonishing tone.

J

(a) Instr. generation

Metadata: Informal, ‘
friends conversation

Translation,y,
Berhenti bereaksi berlebihan,
ini akan berlalu.

model
w/o:| 2 Source: Stop over-reac... |————»

X formal, reads like a texti
rather than something a

(b) Translation

Wl Q Instruction: Translate as... Translation,,
Jangan lebay deh, ini juga
bakal lewat kok.

model

[ Source: Stop over-reac...

V colloguial slang lebay ‘dramatic
particles deh/kok typical of casual speec

oftening
h

Q Instruction: Translate as...

90/ 100
95/100 |

LLM judge | Translation rating:

Adaptedness:

[ Source: Stop over-reac...

(c) Rating

——————————
| © Translation: Jangan...
& e

Figure 1: Full pipeline with Indonesian example: (a) in-
struction generation from source metadata; (b) trans-
lation (without/with instructions); (c) translation rat-
ing with an LLM-judge, which always sees the instruc-
tions. For additional examples, see Table 1; for the full
prompts used at each stage, see Appendix E.

my age, should I use formal or informal language?
Second, they allow specifying intent for sense dis-
ambiguation (the “Excuse me” example in Sec-
tion 1). Appendix K evaluates on two controllable
MT benchmarks (CoCoA-MT and MT-GenEval),
and finds that implicit context (a free-text descrip-
tion of the situation) recovers 96% of the accuracy
that an explicit register tag provides. It also finds
that models internalise language-specific conven-
tions, such as addressing strangers online with an
informal pronoun in German, but with a formal
verb morphology in Japanese.

Specification-guided MT explores incorporating
translation specifications (such as purpose, audi-
ence, or translation briefs) into LLM prompts, find-
ing that specification-prompted translations receive
higher human ratings (Yamada, 2023; He, 2024;
Sharkas, 2025; Kayano and Sugawara, 2025). How-
ever, these evaluations are limited to single lan-
guage pairs, small test sets (typically 3-5 passages),
and often qualitative in nature. For example, He
(2024), working with English-to-Chinese transla-
tion of a science article through GPT-4, find that
a brief explanation of the translation purpose and
context helps deliver a more appropriate translation.
Our work scales specification-guided MT evalua-
tion to 50+ languages, 8 domains, 5 model sizes.

Contextual adaptation in LLM-based MT. Re-
cent work investigates whether surrounding doc-
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Inputs Rate the Translation

Instruction:
Critical translation failure?
Translate as a formal declaration or statement.
Maintain a formal, impersonal, and inspiring
tone suitable for addressing a general public or Yest!
constituents.

Source sentence:

Together we will build a bright future for our Translation rating (0-100): Overall translation quality

sons and daughters.

=0 66

0%: no meaning preserved; 33%: some meaning preserved; 66%:
most meaning preserved; 100%: perfect

Translation to evaluate
Click on the span type (Major or Minor), then
corresponding text. Major =
nge, mistranslation; Minor

grammar, style issues. Adaptedness (0-100): Is it adapted to the tone/context requested in

the Instruction?
Major 1 | Minor 2

— 50

Bareng-bareng, kita bakal ngarsaake masa

depan sing resik kanggo putraning putra-putri. 0%: not at all adapted; 33%: minimally well adapted; 66%: mostly

. adapted; 100%: perfectly adapted
Optional comments

Figure 2: Annotation interface in Label Studio. Anno-
tators see the instruction, source sentence, and model
translation (left). They mark error spans and give a
translation rating (ESA methodology), plus an adapted-
ness score (right).

ument context helps LLMs make discourse-level
decisions such as formality consistency, pronoun
agreement, and lexical cohesion (Choudhary et al.,
2025). A tension exists between in-context exam-
ples and explicit specifications, where LLMs can
ignore explicit instructions when given few-shot
examples (Zhu et al., 2024). More broadly, the
question of whether LLMs translate better from
explicit instructions, or implicit patterns found in
few-shot examples, remains open (Wu et al., 2025).

Limitations of reference-based metrics.
Reference-based metrics like COMET (Guerreiro
et al., 2024) and MetricX (Juraska et al., 2024)
primarily evaluate semantic adequacy, which can
make them fail to capture cultural adaptation
(Yuan et al., 2026). They also depend on a single
reference, which can be one valid translation
among many (Zouhar et al., 2024). In the latest
WMT meta-evaluation, Lavie et al. (2025) find
that on harder test sets, ChrF (Popovié, 2015) and
LLM-as-judge correlate more strongly with human
ratings than COMET or MetricX, calling into
question the recent reliance on neural MT metrics.
Further, LLM-based evaluation can integrate
contextual information that these metrics do not
account for (Sun et al., 2025), making it a more
versatile way to evaluate translation.

3 Methodology

3.1 Task

We study translation conditioned on both source
text and a natural-language instruction describing
the translation’s intended purpose. Given source
text s and instruction c (specifying audience, for-
mality, domain, or other contextual information),
the model produces translation ¢t = f(s,c). We
compare this to the baseline £y = f(s) where no
instruction is provided. Figure 1 illustrates the full
pipeline, with examples in Table 1.

3.2 Data

Dataset and languages. We evaluate on two
benchmarks. BOUQUET (Andrews et al., 2025)
is our primary benchmark; we additionally use
WMT24++ (Deutsch et al., 2025) as a secondary,
large-scale validation, verifying that our findings
generalise beyond BOUQUET across over 50 lan-
guages (Table 3 and Appendix C).

For BOUQUET, we use the dev set (504 in-
stances per language), which offers broad domain
coverage (social media, how-to articles, literature,
etc.) and diverse source-original languages. Each
row includes metadata on domain, register, and
comments describing context and intent, which we
use for instruction generation (see below). All ex-
periments are in the en—xx direction, which is both
in higher demand for deployed MT systems (Merx
et al., 2025a) and the harder direction for models
(Zhu et al., 2024). We run the full study, including
human annotation, on five target languages: In-
donesian, French, Ukrainian, Khmer, and Javanese.
They span three scripts, three language families,
and range from high- to low-resource. They also
differ in how they grammaticalise register: French
and Ukrainian express formality largely through a
binary pronoun distinction, whereas Javanese and
Khmer rely on more elaborate speech-level and
honorific systems. This gives the set good cov-
erage of register phenomena that instructions are
meant to control.

Instruction generation. For each BOUQUET in-
stance, a natural-language instruction is drafted by
Gemini 3 Flash (Gemini Team 2025, prompt in
Appendix E.1), conditioning on the item’s domain,
register, and descriptive comment, then manually
revised by a human annotator (Figure 1(a)). Instruc-
tions describe the translation’s intended audience,
tone, and purpose, independently of target language
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6.1 O  Without instructions
@ With instructions

03 French
+9.9 @=—O
1.4
+17.8 @———( Ind .
s ndonesian
+15.9 @m——Q
29
+9.3 @—O I
on Ukrainian
+5.8 @=—=O
+5.3
+6.7 @—O
o Khmer
+10.6 @—0O
-10.4
+11.8 @——O
o Javanese
8.5 @0
100 80 60 40 20

Adaptedness score

4B +0.5
12B o +2.1
27B P +24
31B O® 32
4B +2.4
12B O—@ +6.1
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31B O—@ +53
4B 9.7
12B o +22
27B @ +13
31B o +22
4B +1.3
12B -1.2 @
27B @ +12
31B O® 34
4B -18.1
12B 00 +238
27B @ 02
31B o® 37

T T T T T
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Translation rating

Figure 3: Effect of adding user instructions on adaptedness (left) and translation rating (right). Hollow circles =
without instructions; filled circles = with instructions. Larger models show consistent improvements, while the 4B
model can suffer from the presence of instructions. Note that 4B-27B are Gemma-3, 31B is Gemma-4.

LLM judge COMET ChrF++
Lang Metric a ICC T T r
fra Trans. Rating | .862 928 .867 562 .360
Adaptedness | .817 901 .820 - -
ind Trans. Rating = .865 928  .867 .270 405
Adaptedness  .696 = .844 748 - -
ukr Trans. Rating 715 888 .803 613 .508
Adaptedness 517 725 570 - -
khm Trans. Rating .637 783 731 513 499
Adaptedness 509 675 535 - -
v Trans. Rating .701  .824 736 .621 347
J Adaptedness  .654 .791 .658 - -

Table 2: Human—-model agreement on translation rating
and adaptedness. r = Pearson correlation; o = Krippen-
dorff’s alpha; ICC = intraclass correlation ICC(3,k).

(see examples in Table 1).

3.3 Translation

Models We evaluate three sizes of the Gemma 3
model family (Gemma Team 2025 4B, 12B,
and 27B, instruction-tuned Variants),2 alongside
Gemma-4-31B.3 We replicate our main findings on
the Qwen3.5 model family (Qwen Team, 2026) in
Appendix D.

Translation conditions. Each source sentence
is translated under four conditions. The baseline

2hf.co/collections/google/gemma-3-release
3hf.co/google/gemma-4-31B

uses a fixed 3-shot prompt without instructions
(Figure 1, w/o line; prompt in §E.2.1). The in-
struction condition adds the user instruction to
both the prompt and the 3-shot examples (Figure 1,
w/ line; prompt in §E.2.2). The few-shot condi-
tion replaces the fixed examples with 5 seman-
tically similar translation pairs, retrieved from a
held-out split (the BOUQUET test set), using the
all-MinilLM-L6-v2* embedding model. The para-
graph condition presents the full source paragraph,
with markers delimiting the sentence to translate
(Figure 7). Translation is performed at the sentence
level, except for the paragraph condition.

Inference. All local models are served on a sin-
gle A100 80GB GPU with vVLLM using greedy
decoding (temperature 0), an 8,192-token context
window, and a 1,024-token generation cap (4,096
for paragraph-level translation and for reasoning
models), for a total of 100 GPU-hours across ex-
periments. Qwen3.5 is run with reasoning disabled.
All reported scores are means over the full item
set (504 BOUQUET / 997 WMT24++ items per
condition).

“hf.co/sentence-transformers/all-MiniLM-L6-v2
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3.4 Evaluation

Our evaluation methodology measures translation
rating (meaning preservation) and adaptedness
(tone/context matching) through an LLM-judge,
validated against human annotations.

3.4.1 Translation rating and adaptedness

Translation rating. We score translations fol-
lowing the Error Span Annotation (ESA) protocol
(Kocmi et al., 2024), which is the standard for hu-
man translation evaluation as of WMT 2025 (Lavie
et al., 2025). Annotators mark error spans (Minor
/ Major) in the translation and produce a 0-100
translation rating reflecting meaning preservation
relative to the source (Figure 2).

Adaptedness. ESA measures meaning preserva-
tion, but a translation can preserve meaning yet fail
on tone relative to audience (House, 2015), which
instructions are designed to address. We there-
fore introduce adaptedness, a separate 0—100 score
measuring how well the translation matches the
instruction’s intended purpose (scale guide shown
to annotators in Figure 2). To validate that adapt-
edness captures a distinct construct, we collect hu-
man annotations from native speakers of each of
the five target languages, 160 items per language.
The two scores correlate strongly overall (Pearson
r = (.86, pooled), but 12% of items differ by more
than 20 points on the 0-100 scale, and the diver-
gence is concentrated in the conversation domain
(21.4% of items differ by >20 points). Qualita-
tively, these disagreements are register failures in-
visible to meaning-based scoring: e.g., a Khmer
translation rated 100 for meaning preservation but
50 for adaptedness, with the annotator noting “Per-
fect translation, but the tone is too harsh”.

3.4.2 Evaluation model

Setup. To scale evaluation, we use an LLM judge
(Gemini-3-Flash, full prompt in Appendix E.3) that
receives the source, instruction, and translation.
It outputs (i) a translation rating following ESA,
(i1) an adaptedness score, and (iii) a critical-failure
flag for output in the wrong language, or no trans-
lation at all. The judge always sees the instruction
but is blind to whether it was present during transla-
tion. Appendix J reports an ablation that separates
the two criteria from the judge’s inputs, scoring
translation rating without the instruction and adapt-
edness without the source. Scoring is reference-
free, consistent with ESA. Running the judge in

conversation {
comments
social posts 1

narration 4
¥ French

other misc. 1 K
. Indonesian
reflection § ) .
L Ukrainian
web misc. K Khmer
how-to | instructions 1 I Javanese
0 5 10 15 20 25 30

Figure 4: Average adaptedness A (with — without in-
structions) per domain, for the 27B model. Informal
domains benefit far more, as models default to a for-
mal register when no instruction is given. This is most
salient in Indonesian, at ceiling on formal domains with-
out instructions but at 67.5 adaptedness on comments.

reference-based mode, compared to reference-free,
yields small, inconsistent differences in agreement
with humans (Ar < 0.07, Aa < 0.07), confirm-
ing that providing the reference does not materi-
ally improve LLM-judge performance. We also
try Gemini-3.1-Pro in thinking mode, but find its
agreement with humans is the same as Flash on
translation rating (mean Pearson 7 0.80 for both,
mean « 0.77 vs 0.76) and lower on adaptedness (7
0.63 vs 0.67, o 0.58 vs 0.64), so we settle on Flash.

Validation. Table 2 reports LLM-human agree-
ment on the native-speaker annotations. For all five
languages, LLM—human agreement on translation
rating is on par with or surpasses inter-annotator
agreement typically reported for ESA (Pearson
r = 0.48; Kocmi et al. 2024). We observe par-
ticularly strong LLM-human agreement for French
and Indonesian (Pearson » > 0.86, o > 0.86 for
translation rating), with more moderate agreement
for Khmer, Javanese, and Ukrainian (r > 0.73,
a > 0.63). COMET? and ChrF++° correlate sub-
stantially less with human judgement across all
languages (0.27 < r < 0.62).

4 Results

User instructions consistently improve translation
quality (overall rating and adaptedness) across mod-
els and languages (Figure 3), with the exception of
the 4B model on Ukrainian and Javanese, where
critical failures degrade scores (discussed in §4.1).

SXCOMET-XL: hf.co/Unbabel/XCOMET-XL.
SComputed with sacrebleu 2.6.0; default parameters.
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Adaptedness A Rating A

Domain fra ind ukr fra ind ukr

social  +21.0 +26.1 +19.9 +11.6 +13.4 +10.0
speech +12.4 +16.2 +11.6 +64 +7.5 +6.1
literary  +7.7 +12.0 +8.0 +3.2 +6.1 +3.8
news -1.1 +22 -02 -15 +09 -02

Table 3: Per-domain effect of adding instructions,
WMT24++ 27B model (A = with — without instruc-
tions). Informal domains (social, speech) show the
largest gains in both adaptedness and translation rat-
ing across all languages, consistent with BOUQUuET.

4.1 Effect of model size

Larger models benefit more. The 12/27/31B mod-
els show consistent improvement when instructions
are present across languages, both for adaptedness
(+10.2) and translation rating (+2.6, Figure 3). The
4B model has mixed results: It benefits from in-
structions on French and Indonesian (+6.1/+11.4
adaptedness), but instruction-induced errors reduce
scores for Ukrainian (-2.9) and Javanese (-10.4).
Critical failure to follow instructions for
smaller models. For all languages, instructions
make the 4B model more likely to produce critical
failures (translation in the wrong language or no
translation at all), raising the failure rate from 2.4—
7.5% (no instructions) to 4.8-45.5% (with instruc-
tions); the largest jumps are on Javanese (+38.5 pts)
and Ukrainian (+13.9 pts). The 12B and 27B mod-
els remain robust (<0.6% in either condition). In-
spection reveals that these failures are predomi-
nantly outputs in the wrong language (e.g. Indone-
sian instead of Javanese), or a failure to perform the
task (e.g. responding to a question instead of trans-
lating it), suggesting that the added complexity of
processing contextual information overwhelms the
smaller model’s limited multilingual capacity.
Distilling instruction-following into the 4B
model. Is this failure a hard capacity limit, or
a missing skill? To find out, we distil from the 27B
model into the 4B one. Gemini drafts a register
and tone instruction for each of the 7,815 English
source sentences in SMOL (Caswell et al., 2025),
Gemma-3-27B translates each (source, instruction)
pair, and we train a LoRA adapter (Hu et al., 2021)
on the resulting triples, with loss on the teacher
translation only. We train one adapter on Ukrainian
and one on Javanese, the two languages where the
4B model fails most; full recipe in Appendix 1.
Distillation removes the tradeoff (Table 4).
Instruction-conditioned critical failures fall from

Lang Model Adapt. Rating Crt. %
4B base 74.6 71.6 16.5
ukr + SFT-ukr 88.8 1142 874 1158 0.0 | 165
+ SFT-jav.  83.8 192 82.6 1110 1.6 | 149
4B base 29.0 25.2 45.5
jav + SFT-jav 504 1214 47.8 1226 4.0 1415
+ SFT-ukr 45.1 1161 433 1181 7.6 | 379

Table 4: PEFT distillation from a 27B teacher, BOU-
QuET dev, with instructions. Each language is shown
with its own adapter and with the other language’s
adapter, which recovers most of the gain (cross-lingual
transfer). Deltas are against the 4B base in the same
condition; the uninstructed condition is in Table 28.

16.5% to 0.0% on Ukrainian and from 45.5% to
4.0% on Javanese, while adaptedness rises by +14.2
and +21.4. What the adapter adds is not target-
language knowledge: the Ukrainian-trained adapter
recovers most of the benefit on Javanese (45.5% —
7.6% critical, +16.1 adaptedness), so what trans-
fers is the language-agnostic ability to follow
an instruction. It also costs nothing in the unin-
structed condition, where rating improves as well
(+4.2 Ukrainian, +4.0 Javanese). A 4B model
can therefore be taught purpose-adapted transla-
tion with one adapter and fewer than 8k training
sentences, rather than requiring a larger model.

4.2 Effect of language resource level

Ordering languages by approximate resource level
(French > Indonesian > Ukrainian > Khmer > Ja-
vanese), win-rate results in Table 5 show that the
higher the language resource level, the more
models benefit from instructions. This is vali-
dated by absolute score gains (Figure 3), with a
caveat: when the baseline is already high (trans-
lation score > 90), benchmark saturation means
lower absolute gains (e.g. French 27B, 95 — 97).

Out of 50+ languages in WMT24++, for all
but one, Gemma-3-27B benefits from the pres-
ence of instructions (average +5.7 translation rat-
ing, +16.9 adaptedness; Figure 6, Appendix C).
Aside from resource level, register richness (the
degree to which a language grammaticalises social
distinctions, e.g. Japanese keigo, Arabic address
forms) also plays a role. High-resource register-
rich languages (Arabic, Japanese) gain most (+20-
28 adaptedness), ahead of high-resource register-
light languages (French, Italian, Dutch; +13-16),
while resource level still acts as a floor: very-low-
resource languages (Gujarati, Zulu) benefit little
even when register-rich.
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fra ind ukr khm jav

G34B  54/5/40 69/9/22 48/5/48 46/5/49 38/1/61
G3 12B | 71/9/19 175/11/14 63/10/27 52/2/46 55/4/42
G3 27B | 72/12/16 73/14/13 69/8/23 57/4/40 63/3/34
G4 31B 64/18/18 73/13/14 63/17/20 67/8/25 64/10/26

Table 5: Win/tie/loss (%) for instruction-conditioned
translations vs. baseline in pairwise LLM-judge compar-
ison. The larger the model, and the higher resource the
language, the more likely the instruction-conditioned
translation wins.

fra ind ukr khm jav Avg.

Baseline 86.8 79.9 86.7 609 569 742
Few-shot 88.4 84.1 895 61.6 62.1 77.1
Paragraph 84.8 78.6 838 556 560 718
Instr. 97.0 97.7 96.0 67.5 68.8 854
A FS - Base +1.6 +42 +28 +0.8 +52 +2.9

A Para-Base 21 -12 -29
A Instr - Base  +10.1 +17.8 +9.3

-52 09 -25
+6.7 +11.8 +11.1

Table 6: Adaptedness for the 12B model. Baseline:
sentence-level without instructions; Few-shot (FS): 5 se-
mantically selected examples; Paragraph: sentence-in-
context translation (P;, §4.4); Instructions: sentence-
level with user instructions. Instructions provide the
largest gains.

4.3 Effect of domain

Informal domains drive largest gains. Across
languages, informal domains such as conversation
(+16.5) and social media comments (+14.8) show
the largest gains, while more formal domains like
web misc. (+4.0) and how-to/instructions (+2.5)
show smaller improvements (Figure 4).

This domain-dependent pattern replicates on
WMT24++ (Table 3): across 997 segments for
French, Indonesian, and Ukrainian, the social do-
main consistently shows the largest adaptedness
gains (up to +26.1 for the 27B model on Indone-
sian), while news shows negligible change.

4.4 Comparison with semantic few-shot and
paragraph-level translation

Instructions yield substantially larger adaptedness
gains than semantic few-shot examples across all
5 languages. For the 12B model (Table 6), the few-
shot advantage over baseline averages +2.9 adapt-
edness points, vs +11.1 for explicit instructions.
The pattern holds for the 27B model as well (few-
shot +1.2; instruction +9.1, Table 11). For the 4B
model, the pattern is consistent for higher-resource
languages, but instructions-related critical failures
on Ukrainian and Javanese mean that semantic few-

fra ind ukr
Domain Div%e AC Div%e AC DivZe AC
conversation 27 —.028 47 —.028 21 —.039
social comments 33 —.024 50 —.025 29 —.041
social posts 23 —-.012 36 —.036 21 —.031
how-to 6 +.020 13 —.003 6 +.003
web misc. 6 —.003 9—-.012 12 4+.001
reflection pieces 54.019 21 —.006 18 —.020

Table 7: LLM judge-COMET divergence (27B). Div%:
rows where the LLM judge prefers the instructed
translation but COMET prefers the uninstructed one.
AC: mean XCOMET-XL change when instructions are
added. Informal domains show the highest divergence.

shot is a more reliable strategy (Table 9).

Paragraph-level translation is even less effec-
tive than semantic few-shot, and can even hurt
translation quality. We test two prompting strate-
gies: P, which marks a single sentence for transla-
tion within the paragraph, and P», which translates
all sentences at once in a numbered list. P con-
sistently outperforms P, but its adaptedness gains
over the baseline remain near zero for Gemma-3-
27B (+0.3) and Qwen3.5-27B (+0.8), with modest
gains for Gemma-4-31B (+1.5). This is consis-
tent with prior work finding that document-level
context does not reliably improve translation qual-
ity for models < 27B (Merx et al., 2025b). Full
paragraph-level setup and results can be found in
Figure 7 and Table 22, Appendix F.

Overall, for models > 12B, explicit user in-
structions are both more reliable and more
effective than semantic few-shot examples or
paragraph-level context for adapting translations
to their intended purpose. We return to this obser-
vation in §5: while paragraph context hurts when
fed as raw input, it can be leveraged by the model
to draft an instruction brief.

4.5 Comparison with traditional MT metrics

We find that XCOMET-XL and ChrF++ scores de-
crease when instructions are added, even as LLM-
as-judge scores increase: XCOMET-XL drops by
.014—.049 across all five languages, and ChrF++
by 3.7-11.1 points. Domain-level analysis reveals
that this divergence is concentrated in informal
domains: conversation, social media comments,
and social posts show judge-COMET disagreement
rates of 21-50%, while formal domains (how-to,
web misc.) have disagreement rates closer to 10%
(Table 7). Qualitatively, we observe both a lower
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Figure 5: Self-instruction pipeline. Gemma-4-31B first
drafts a user instruction from the English paragraph and
target sentence, then translates the sentence conditioned
on its own generated instruction.
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COMET performance on informal domains (bet-
ter but more informal translations are rated lower),
and the presence of rather formal BOUQUET refer-
ence translations, which may introduce reference
bias. Overall, our results are coherent with re-
cent research finding that MT metrics can be in-
adequate for domains that are under-represented
in their training distribution (Zouhar et al., 2024),
and on the sensitivity of reference-based metrics to
reference quality (Lavie et al., 2025).

S Self-Instructing from Document
Context

Throughout the main results, we use curated user in-
structions generated from document metadata (Fig-
ure la). In practice, users may not write such briefs:
translation systems receive a source sentence, at
best with its surrounding document context. This
raises a practical question: can a model “guess” its
own instruction from surrounding context, recover-
ing the benefit of a curated brief?

Two observations motivate this. First, feeding
paragraph context to the LLM as raw text can hurt
adaptedness (-2.3 for Gemma-3 27B, §4.4). Sec-
ond, an instruction ablation (Appendix G) shows
that most of the adaptedness benefit of a curated in-
struction comes from its context component ("this
is a conversation between friends") rather than ex-
plicit directives (“use an informal tone”). Together,
they suggest that externalising paragraph context as
an instruction may help adapt translation to context.

5.1 Pipeline

Figure 5 illustrates the pipeline: for each sen-
tence, we prompt Gemma with the English source
paragraph, marking the target sentence with a
[TARGET] tag, and ask the model to return a con-
cise user instruction specifying the inferred set-
ting, target audience, and tone. We use a 3-shot
prompt with greedy decoding. The resulting Self-

Gemma-3-27B  Gemma-4-31B

Adapt. Rating Adapt. Rating
A P;—Base -2.3 -3.1 +0.9 +0.3
A P>,—Base +0.3 +0.2 +1.5 +0.6
A Self-Instr—Base +6.5 +0.8 +8.2 +2.7
A Curated—Base +9.1 +2.0  +10.2 +3.6

Table 8: Mean adaptedness and translation rating A
vs. sentence-level baseline, averaged across the five
languages. Self-Instr captures most of the Curated-
instruction benefit (71% on 27B, 80% on 31B for adapt-
edness). For Gemma-3-27B, externalising paragraph
context can flip it from harmful (-2.3 with P;) to bene-
ficial (+6.5). Per-language results in Appendix H.

instruction replaces the gold one in the translation
pipeline, with every other setting held fixed.

5.2 Results

Self-generated instructions close most of the
curated-instruction gap. Across models, Self-
Instr closes most of the adaptedness gap (71% on
27B, 80% on 31B), and much of the translation-
rating gap (43% on 27B, 77% on 31B). The effect
is positive for every language (Appendix H).

Externalising paragraph context can flip it
from harmful to beneficial. Raw paragraph con-
text decreases Gemma-3-27B adaptedness by —2.3
on average (P, §4.4); the same paragraph, con-
verted into a brief through Self-Instr, yields large
adaptedness gains (+6.5), even though both settings
give the model the same inputs (source sentence
and paragraph context). Qualitatively, by inspect-
ing Gemma-4-31B thinking traces, we find that
LLMs tend to produce a translation draft imme-
diately and then deliberate over individual word
choices, rather than considering target audience
and appropriate register.

The pattern holds on WMT24++ (three lan-
guages, longer documents): Self-Instr closes 74%
of the adaptedness gap with Gemma-3-27B, while
raw document context hurts adaptedness (—10.6)
(Appendix H, Table 27).

Overall, paragraph context, once externalised as
an instruction, improves translation adaptedness
to purpose, albeit to a lesser extent than curated
(gold) instructions, which benefit from access to
document metadata, and from a stronger drafting
pipeline (Gemini Flash + human post-editing).
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6 Discussion

Purpose-adapted MT is a measurable capability.
Purpose-adapted MT treats translation as faithful
to its communicative purpose and audience, not
only to the surface of the source text. Our results
show that current LLMs can meaningfully act on
this broader notion of fidelity: given an explicit in-
struction, they produce measurably better-adapted
translations. The effect is strongest on informal
domains such as conversation and social media.

Need for diverse domains in evaluation. Tra-
ditional MT evaluation suites such as FLORES
(Goyal et al., 2022) are built from Wikipedia and
news articles, close to the general-purpose text
LLMs are pre-trained on, and under-represent con-
versational text, where the adaptation gap is largest.
A plausible mechanism is that LLMs default to the
written register of their pretraining distribution; in-
structions help most on conversational data because
they nudge the model off that default. Compre-
hensive MT evaluation therefore requires diverse
domains, including conversational text.

The instruction-failure tradeoff. For smaller
models on low-resource languages, instructions in-
troduce a tradeoff: added complexity triggers catas-
trophic failures, even though the model can adapt
when it does produce target-language output. The
4B model on Javanese illustrates this: 45.5% criti-
cal failure rate with instructions (vs. 7.0% without),
yet among non-failed translations, the adaptedness
delta is +14.7. This suggests that instruction-
following and multilingual generation compete
for limited model capacity, and the instruction can
“crowd out” the translation skill. PEFT distillation
from a 27B teacher removes this tradeoff, reduc-
ing 4B instruction-conditioned failures on Javanese
from 45.5% to 4.0% (Table 4).

Practical implications. For models > 12B pa-
rameters, adding user instructions is a reliable way
to improve translation quality (§4). When users do
not supply an instruction, self-instruction from sur-
rounding document context (§5) offers a practical
recipe: the model drafts its own brief before trans-
lating, recovering most of the adaptedness benefit
of a curated instruction. The strong performance
of instruction-based MT over few-shot examples
(§4.4) shows that for most languages, models offer
a natural way to follow user intent without the need
for an external database of examples.

7 Conclusion

We study purpose-informed translation, where
users supply instructions about target audience and
communicative intent alongside the source text,
and ask whether current LLMs can act on that spec-
ification. Across 50+ languages, 5 model sizes,
and 8 domains, they can: instructions produce sub-
stantial gains in adaptedness, largest on informal
domains and scaling with both model size and lan-
guage resource level.

Two takeaways follow. First, translation evalua-
tion should condition on purpose (contrary to tradi-
tional MT metrics). Second, when no instruction is
supplied, a capable model can draft one from sur-
rounding document context (self-instruction) and
recover most of the adaptedness benefit of a curated
brief, giving practitioners a concrete deployment
path for document-level MT.

Looking forward, LLMs have opened new trans-
lation capabilities that are more adaptive and itera-
tive (Liu et al., 2025). Without evaluation to mea-
sure these capabilities, we risk an over-emphasis
on rigid translation flows (one input, one output).
Better measuring these capabilities will give us a
basis to improve them.

Limitations

Limited few-shot comparison. Our few-shot
comparison (§4.4) uses a single retrieval setup:
5 examples retrieved via cosine similarity over
all-MinilLM-L6-v2 embeddings from a held-out
BOUQUET split. A more thorough comparison
would vary the embedding model, retrieval method
(e.g., BM25, multilingual embedders), and exam-
ple count. Our finding that instructions outperform
semantically-matched few-shot examples is there-
fore a claim about one widespread few-shot config-
uration, and is not necessarily exhaustive.

Limited language coverage. We focus on five
target languages spanning three scripts and a range
of resource levels, but none from Africa and none
very-low-resource. However, our WMT24++ vali-
dation (Appendix C) expands to over 50 languages,
where the main findings replicate (Figure 6). The
controllable-MT benchmarks in Appendix K cover
eight further languages each, but only French over-
laps our five in-depth languages, so those repli-
cations and our human validation rest on largely
disjoint language sets. Similarly, we only evalu-
ate with source text in English, which as a very
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register-light language, might benefit more from
explicit instructions than register-rich languages,
which carry more information about target audi-
ence in the source text. We likewise do not eval-
uate language pairs with English on neither side,
leaving this to future work.

Limited model diversity. Main results rest on
Gemma models, evaluated by a Gemini-3-Flash
judge. All three share a vendor ecosystem, so we
cannot rule out shared biases between the translator
and the judge. Appendix D replicates the core
findings on Qwen3.5, including the COMET-judge
divergence and the informal-domain pattern, which
reduces this concern. Broader replication across
open-weight families would strengthen the scope
of our claims.

LLM-as-judge reliability. Our LLM-human
agreement on translation rating ranges from Pear-
son =0.73 on Khmer to r=0.87 on French (Ta-
ble 2), on par with typical inter-annotator agree-
ment for ESA (Kocmi et al., 2024). Adaptedness
agreement is lower and uneven across languages,
particularly on Khmer (r=0.54) and Ukrainian
(r=0.57), so findings on those languages should
be read as more exploratory than for French or
Indonesian.

Ethical Considerations

Human annotators. Translation evaluation an-
notations (§3.4) were collected from one native-
speaker annotator per target language: French,
Indonesian, Ukrainian, Khmer, and a Javanese—
Indonesian bilingual annotator for Javanese. An-
notators were recruited through the authors’ per-
sonal networks and compensated at approximately
US$20/hour, above the national minimum wage in
the relevant jurisdictions and above prevailing local
rates for similar annotation work in the annotators’
countries of residence. Informed consent was ob-
tained prior to annotation. The protocol was not
subject to formal ethics review: annotation consists
of rating short benchmark sentences with no col-
lection of personal data and no exposure to risky
content. Further protocol details are in Appendix L.

Risks. We propose an evaluation and prompting
framework; it does not introduce translation ca-
pabilities beyond those of the underlying models.
Instruction-conditioned translation could in prin-
ciple be used to register-shift text for imperson-
ation or persuasion, but this risk applies to any

controllable-style generation system.

Artifact use. We use BOUQUET (Andrews
et al., 2025), WMT24++ (Deutsch et al., 2025),
SMOL (Caswell et al., 2025), CoCoA-MT (Nade-
jde et al., 2022, CDLA-Sharing-1.0), MT-
GenEval (Currey et al., 2022, CC-BY-SA-3.0),
Gemma-3 / Gemma-4 (Gemma Team, 2025),
Qwen3.5 (Qwen Team, 2026), NLLB-3.3B (NLLB
Team et al., 2022), and all-MiniLM-L6-v2 within
their published license terms; all permit research
use. BOUQUET and WMT24++ are curated trans-
lation benchmarks vetted for content by their cre-
ators; we did not encounter personally-identifying
or offensive material in the subsets evaluated.
Model outputs were spot-checked during annota-
tion.

Al assistant disclosure. LLM-based coding as-
sistants were used for code authoring and anal-
ysis, and LLMs were used for proofreading the
manuscript. All claims, experimental designs, and
analysis decisions are the authors’.
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A Full results per language

Translation evaluation. We report translation
rating and adaptedness for all four models we eval-
uate (Gemma-3-4B in Table 9, 12B in Table 10,
27B in Table 11, and Gemma-4-31B in Table 12)
on BOUQUuET dev. Each model is evaluated un-
der four conditions: Baseline (sentence-level, no
instruction), Few-shot (5 semantically retrieved
examples), Paragraph (sentence-in-context, P;
prompt), and Instructions (gold per-sentence
brief).

Statistical significance. All reported scores
are means over the per-condition item set
(504 items). We test the instruction effect
(A Instr—Base) with a paired bootstrap over
items (10,000 resamples). Averaged over the
five languages, instructions change adaptedness
by +1.9 (95% CI [+0.5,+3.3]) for 4B, +11.1
([+10.2,4+12.1]) for 12B, +9.1 ([+8.3,+10.0])
for 27B, and +10.2 ([+9.5, +11.0]) for Gemma-4-
31B; the corresponding translation-rating changes
are —4.7 ([-6.1,-3.4]), +2.4 ([+1.7,+3.2)),
+2.0 ([+1.4,+2.6]), and +3.6 ([+3.2, +4.0]). For
models >12B, every per-language adaptedness
gain is significant (p<0.001); translation-rating

gains are smaller and not always significant (e.g.
Khmer for the 12B and 27B models, Javanese for
27B). For the 4B model, the Ukrainian and Ja-
vanese rating drops are significant (p<<0.001), re-
flecting the critical-failure tradeoff (§4.1).

Traditional MT metrics. Table 13 provides
XCOMET-XL and ChrF++ scores for all model
sizes and instruction conditions.

B Comparison with NLLB-3.3B

To situate instruction-following MT against tra-
ditional NMT models, we compare Gemma-3 to
NLLB-200-3.3B (NLLB Team et al., 2022) on
BOUQUET dev. NLLB does not accept instruc-
tions, so it is evaluated in a single, unconditioned
setting. Translations are produced with beam
search (k=4) and scored with the same LLM-as-
judge protocol used throughout the paper (Gemini-
3-Flash, both translation rating and adaptedness;
the judge sees the gold instruction in all condi-
tions).

Table 14 reports Gemma-3 scores expressed as A
versus NLLB-3.3B. The 4B model trails NLLB sub-
stantially on average (—11.6 rating, —9.0 adapted-
ness without instructions), and instructions widen
the gap on Ukrainian and Javanese due to the
critical-failure tradeoff discussed in §4.1. The 12B
model is roughly on par with NLLB without in-
structions (Avg. —0.0 rating, +1.3 adaptedness)
and pulls clearly ahead with instructions (+2.4
rating, +12.5 adaptedness). The 27B model al-
ready beats NLLB without instructions on every
language, and instructions widen the lead to +9.6
rating / +18.7 adaptedness.

To better understand the 12B <> NLLB tradeoff,
Table 15 breaks Gemma-3-12B — NLLB down by
domain, pooling across the five languages. With-
out instructions, 12B trades wins and losses with
NLLB by domain. It already beats NLLB on con-
versation (45.9 rating, +11.6 adaptedness) and
matches it on most other domains, but loses on
more formal text, e.g. web misc. (—4.1/—4.5), re-
flection (—4.3/—5.9). With instructions, the 12B
model is competitive or better than NLLB on
every domain, and the adaptedness gap is con-
centrated in informal text: conversation +29.6,
social comments +21.1, social posts +12.5.

C WMT24++ Validation

To verify that our findings generalise beyond BOU-
QuET, we run the same LLLM-judge pipeline on
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Translation Rating Adaptedness

fra ind ukr khm jav  Avg. fra ind ukr khm jav  Avg.

Baseline 875 869 813 457 433 689 819 787 715 420 393 639
Few-shot 88.2 885 843 452 46.6 70.6 83.0 81.8 804 41.8 43.2  66.1
Paragraph 91.7 88.8 865 38.0 39.6 689 84.1 789 82.0 345 357 63.1

Instructions 880 893 716 47.0 252 642 88.1 90.1 746 474 29.0 65.8

A FS—Base +0.7 +1.6 +3.0 -05 +33 +1.6 +1.1 +3.1 +29 02 +39 +2.2
A Para—Base +4.2 +19 +52 -7.8 -3.7 00 +2.2 +0.2 +45 -75 -3.6 -0.8
A Instr—Base +0.5 +24 -97 +13 -181 47 +6.1 +114 -29 +53 -104 +1.9

Table 9: Gemma-3-4B on BOUQUET dev (504 items per cell). Instruction-induced critical failures collapse the
rating on Ukrainian and Javanese; few-shot is the most reliable strategy at this scale.

Translation Rating Adaptedness
fra ind ukr khm jav Avg. fra ind ukr Kkhm jav.  Avg.
Baseline 93,5 909 920 648 o61.1 805 86.8 799 86.7 60.9 56.9 74.2
Few-shot 932 923 931 643 634 813 88.4 84.1 895 61.6 62.1 77.1
Paragraph 914 890 894 591 607 779 84.8 78.6 838 55.6 56.0 71.8

Instructions 95.6 97.0 942 636 639 829 97.0 97.7 96.0 675 68.8 854

A FS—Base -03 +1.5 +1.1 -05 +23 +0.8 +1.6 +42 +2.8 +0.8 +5.2 +2.9
A Para—Base 2.1 -19 26 57 -04 =25 2.1 -12 29 52 -0.9 -2.5
A Instr—Base +2.1 +6.1 +22 -12 428 +24  +10.1 +17.8 +9.3 +6.7 +11.8 +11.1

Table 10: Gemma-3-12B on BOUQUuET dev (504 items per cell). Instructions yield the largest gains across all five
languages; paragraph context consistently hurts.

Translation Rating Adaptedness
fra ind ukr khm jav Avg. fra ind ukr Kkhm jav Avg.
Baseline 95.0 933 945 768 8l1.1 88.1 89.0 834 907 723 772 826
Few-shot 96.0 939 951 775 816 888 91.6 8.0 919 720 774 838
Paragraph 929 907 915 729 773 850 882 819 89.0 682 742 803

Instructions 974 98.0 957 78.0 813 90.1 983 98.6 969 80.2 844 917

A FS—Base +1.1 +0.7 +0.6 +0.7 +0.5 +0.7 +2.6 +2.6 +12 04 +02 +12
A Para—Base 2.1 -26 30 40 -38 -31 -09 -16 -17 41 30 =23
A Instr—Base +24 +4.7 +13 +12 +02 +20 493 +151 +62 +79 +7.1 +9.1

Table 11: Gemma-3-27B on BOUQUET dev (504 items per cell). Instructions outperform all alternatives on
adaptedness across the board, and on rating in every language except Javanese, where few-shot edges them out by
0.3.

Translation Rating Adaptedness
fra ind ukr khm jav Avg. fra ind ukr Kkhm jav  Avg.
Baseline 96.0 937 964 921 924 941 89.1 828 929 842 87.0 87.2
Few-shot 97.0 948 969 922 929 947 921 85.6 934 847 872 88.6
Paragraph 96.1 940 966 928 924 944 903 838 934 854 874 88.1

Instructions 99.2 990 986 955 96.0 97.7 99.0 98.8 98.7 94.8 959 974

A FS—Base +1.0 +1.1 +05 +0.1 +0.5 +0.6 +3.0 +2.8 +0.5 +0.5 +0.2 +1.4
A Para—Base +0.2 +0.3 +0.2 +0.7 +0.0 +03 +1.2 +1.0 +0.5 +1.2 +04 +0.9
A Instr—Base +3.2 +53 +22 +34 437 +36 +99 +159 +58 +106 +8.8 +10.2

Table 12: Gemma-4-31B on BOUQUET dev (504 items per cell). Instructions improve both rating and adaptedness
across all five languages, with no critical-failure regression.
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XCOMET-XL ChrF++
Model Instr. fra ind ukr Kkhm jav fra ind ukr Kkhm jav
4B w/o 862 891 908 595 .625 624 572 523 264 352
w/ 874 | 836 858 576 < .707 515 46.1 344 252 | 20.6
12B w/o 943 938 944 717 747 649 608 592 305 459
w/ 917 932 922 | 647 709 58.0 514 479 279 | 383
7B w/o 938 947 951 796 832 663 619 608 385 520
w/ 924 919 924 755 783 59.4 533 497 348 | 415

Table 13: XCOMET-XL and ChrF++ scores across all models and languages. Cell shading on the w/ rows
encodes the delta versus the w/o baseline (red = decrease, green = increase; darker = larger magnitude). Reference-
based metrics consistently decrease when instructions are added, in contrast to LLM-as-judge metrics that show
improvement. The lone exception is Javanese on the 4B model, where XCOMET-XL rises (+.082) despite the sharp
performance drop measured by the LLM-judge, presumably because XCOMET-XL fails to flag wrong-language

output (Indonesian).

Translation Rating Adaptedness

fra ind wukr khm jav Avg. fra ind wukr khm  jav Avg.
NLLB-3.3B (raw) 8.9 824 831 719 782 805 790 710 770 656 719 729
A Gemma-3-4B w/o +0.6 +45 -1.8 -26.1 -349 -11.6 +29 +7.7 +05 -23.6 -325 -9.0
A Gemma-3-4B w/ +1.1 +69 -11.6 -249 -529 -163 +9.1 +19.1 -23 -183 429 -7.1
A Gemma-3-12Bw/o  +6.6 +85 +89 -7.1 -170 -00 +79 +88 +9.7 48 -149 +13
A Gemma-3-12Bw/ = +8.7 +14.6 +11.1 -83 -143 +24 +18.0 +26.6 +19.0 +19 -3.1 +I25
A Gemma-3-27Bw/o = +8.0 +109 +113 +50 +29 +7.6 +10.1 +124 +138 +6.7 +54 +9.7
A Gemma-3-27Bw/  +10.3 +15.8 +12.7 +5.6 +34 +9.6 +192 +27.6 +20.0 +13.8 +13.2 +18.7

Table 14: BOUQUET dev (504 items per language). Top row: NLLB-3.3B raw scores from the LLM-judge.
Remaining rows: Gemma-3 scores expressed as A versus NLLB. The 12B model matches NLLB without instructions
(Avg. ~ 0 rating) and overtakes it on adaptedness once instructions are added; the 27B model beats NLLB across

the board. The 4B model falls below NLLB, especially on lower-resource languages.

Translation Rating Adaptedness
Domain n NLLB Awo Aw/ NLLB Awo Aw/
conversation 470 72.6 +59 +8.6 544  +11.6 +29.6
narration 375 77.2 -0.1 +0.9 68.3 +1.4  +8.7
how-to / instructions 350 79.0 +1.4 +2.5 82.0 -0.2  +4.1
social posts 350 83.1 2.0 +0.5 76.0 -1.1  +12.5
web misc. 330 88.4 4.1 -04 86.8 4.5 +2.5
comments 290 81.7 +0.6  +3.7 69.0 +3.7  +21.1
reflection 190 83.9 43 0.6 79.9 -59 +49
other misc. 165 86.3 =37 -1.7 81.2 =37  +4.0
ALL 2520 80.5 -0.0 +2.3 72.9 +1.3  +12.5

Table 15: Per-domain comparison of Gemma-3-12B against NLLB-3.3B, pooled across all five languages (n =
pooled item count per domain). NLLB columns show its raw rating / adaptedness; A columns show Gemma-3-12B
— NLLB without and with user instructions. Without instructions, 12B trades wins and losses with NLLB by
domain (losing on formal-reference text, winning on conversation). With instructions, 12B matches or beats NLLB
everywhere, with the adaptedness advantage concentrated in informal domains.
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Translation Rating

Adaptedness

fra ind ukr zul guj Avg. fra ind wukr zul guj Avg.
Gemma-3-4B [-57.6 -21.1 260 2.3 369 -28.8/-49.7 -10.3 -189 +0.3 299 -21.7
Gemma-3-12B = +7.3 +10.5 +6.7 +4.1 +5.7 +6.8 +14.9 +20.5 +13.9 +12.2 +15.3 +154

Gemma-3-27B +7.3 +94 +6.8 +4.8 +6.6

+7.0 +14.0 +18.5 +13.5 +14.2 +17.8 +15.6

Table 16: Effect of user instructions on WMT24++ translation rating and adaptedness (A = Instr — Base) across
Gemma-3 model scales, for the five languages where all three model sizes were evaluated. The 4B model collapses

under instructions.

WMT24++ (Deutsch et al., 2025), which has
997 segments per language across 4 domains (so-
cial, literary, news, speech).

Instruction generation. Compared to BOU-
QuET, WMT24++ does not carry as much per-
segment metadata (register, contextual comments),
so instructions are obtained solely from the domain
label and the source (English) document context.
We generate instructions with Gemini 3 Flash, us-
ing a 3-shot prompt (Appendix E.1). Resulting
instructions describe the translation setting, target
audience, and tone in 1-3 sentences, similar to ex-
amples in Table 1. Instructions are target-language-
agnostic (one instruction per English source seg-
ment, reused across every WMT24++ target lan-
guage). Unlike BOUQUET, these instructions are
not human post-edited.

Per-domain breakdown is reported in the main
body (Table 3): similar to BOUQUuET results, infor-
mal domains (social and speech) benefit most from
the presence of explicit instructions (+17.9 adapt-
edness on average), while literary (+9.2) and news
(+0.3) show more moderate and uneven gains.

Expansion to 50+ languages. Figure 6 broad-
ens the picture to over 50 WMT24++ languages
with Gemma-3-27B. Resource richness seems to
determine how much a language benefits from ex-
plicit instructions. Register-rich languages (Arabic,
Japanese) show the largest adaptedness gains (+20—
28), ahead of register-light languages (French, Ital-
ian, Dutch; +13-16).

Comparison with document-level translation
Table 17 reports the full Baseline / Paragraph / In-
structions breakdown for Gemma-3-27B on French,
Indonesian, and Ukrainian, comparing both para-
graph prompting strategies from §4.4: P; (sin-
gle sentence marked within its document) and P>
(whole document translated at once as a numbered
list). The pattern from BOUQuET (Table 11) repli-
cates and is amplified: explicit instructions improve

translation rating by +7.8 and adaptedness by +15.3
on average, while paragraph context P; hurts both
(-7.0 rating, —10.6 adaptedness). The P; regression
is larger than on BOUQUET, presumably because
WMT24++ documents are longer than BOUQuUET
paragraphs. As on BOUQUET, P, consistently out-
performs P : it nearly recovers baseline translation
rating (—1.1), but adaptedness still lags the baseline
by —6.7. Neither paragraph strategy approaches the
gains from explicit instructions.

57381



QO Without instructions
@ With instructions

4207 @0
+224 @—on0
+17.5 @——0
+27.6 (@ (0)
+28.6 @———————0O
4203 @—0
+17.6 @)
1212 @———O
+18.5 @O
+21.3 @—=-O
4235 @—0
+14.8 @—Q
+18.6 (@D
+17.6 @—O
+22.9 @—rx=-—-=-
+17.5 @—————0
+19.8 @
+19.4 @——0
+18.7 @——0
+19.5 @—QO
+17.] (@)
+18.5 @m——0
+16.7 @)
+17.8 @—0
+142 @0

+14.0 @=——mQ
+13.8 @=—0
+16.0 @————O
+18.2 @)
+15.8 @—=OO
+13.8 @O
+13.9 @m——Q
+16.9 @—O
+16.5 @m———=O
+18.6 @—(
4145 @m0
+16.8 (@)
+15.8 @———=O
+16.2 @m—O
+11.8 @=—=O
+15.] @——O
4117 @——=O
+120 @——O
+18.8 @m—0
+15.3 @—O
+13.0 @=—m=O
+152 @O
+15.5 (@me—()
+15.] @—O
+15.6 @m———-O
+148 @—0O
+15.9 @m——O
+17.] @)
+14.7 @—O

Register-rich (honorifics / diglossia)
Chinese
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Register-light (T-V distinction or simpler)

French
Spanish (MX)
German
Russian
Portuguese (BR)
Italian
Dutch
Polish
Portuguese (PT)
French (CA)
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Figure 6: WMT24++ results for Gemma-3-27B (997 segments per language), grouped by register richness: the
upper band has languages with grammaticalised honorifics/register morphology, the lower band has languages with
simple to no registers (mostly European languages). Within each band, languages are ordered by resource level
(highest at the top). The BOUQUET trends replicate: the model consistently benefits from instructions, more so on

register-rich languages.
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Translation Rating

Adaptedness

fra ind ukr Avg. fra ind ukr Avg.
Baseline 89.1 86.8 874 87.8 83.0 78.4 81.6 81.0
Paragraph (P;) 823 79.2 80.6 80.7 72.5 65.0 73.8 70.4
Paragraph (P») 88.3 849 86.7 86.6 77.2 68.9 76.7 74.3
Instructions 96.5 96.2 941 95.6 96.9 96.9 95.2 96.3
A P;—Base -68 -76 -67 -70 -104 -134 -7.8 -10.6
A P,—Base -08 -19 -07 -I1.1 -5.8 -9.5 -4.9 -6.7
A Instr—Base +7.3 +94 +6.8 +7.8 +14.0 +185 +13.5 +153

Table 17: Gemma-3-27B on WMT24++ (997 items per cell). Baseline is the 3-shot sentence-level prompt without
instructions; Paragraph P; wraps the target sentence in [START_TRANSLATE]. .. [END_TRANSLATE] markers
within its full source document; Paragraph P, translates the whole document at once as a numbered list; Instructions
adds the gold per-sentence brief. Instructions help across the board; both paragraph strategies hurt adaptedness, P

less than Py, neither approaching the instruction gains.
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Translation Rating

Adaptedness

fra ind ukr khm jav  Avg. fra ind ukr Kkhm jav  Avg.
Baseline 940 924 93.1 80.1 803 88.0 86.1 80.7 889 728 75.1 80.7
Few-shot 949 924 930 799 804 88.1 88.6 820 8.0 724 752 814
Paragraph 945 923 932 798 80.5 88.1 87.3 80.6 886 731 753 810
Instructions 98.0 975 950 829 783 903 97.6 974 960 81.8 794 904
A FS—Base +0.9 +00 -01 -02 +0.1 +0.1 +2.5 +1.3 +0.1 -04 +0.1 +0.7
A Para—Base +0.5 -0.1 +0.1 -03 +0.2 +0.1 +1.2 -0.1 -03 +03 +02 +0.3
A Instr—Base +4.0 +5.1 +19 +28 -2.0 +24 | +11.5 +167 +7.1 +90 +43 +9.7

Table 18: Translation rating and adaptedness scores for the Qwen3.5-27B model: baseline, semantic few-shot
(5 examples), sentence-in-context paragraph translation, and instructions. Paragraph context yields near-zero deltas,

consistent with the Gemma-3-27B results.

D Qwen 3.5 Validation

To verify that our findings are not specific to the
Gemma model family, we replicate the core ex-
periments on Qwen3.5 (4B, 9B, 27B).

The core findings replicate: (1) instructions im-
prove adaptedness by +9.7 points on average (Ta-
ble 18); (2) larger models show higher win rates
(73.7% — 81.5%, Table 19); and (3) XCOMET-
XL decreases with instructions despite improved
adaptedness (Table 20), confirming the metric di-
vergence observed with Gemma. The domain pat-
tern also replicates (Table 21): informal domains
(comments, conversation) show the largest gains,
while formal domains (web misc., how-to) show
the smallest.

One notable difference: at the 4B level, Qwen3.5
shows near-zero critical errors on Indonesian (0.2%
without, 0.0% with instructions), unlike Gemma-3-
4B (2.4% and 4.8%). This may reflect differences
in multilingual training data composition between
the two model families, with Qwen having stronger
Indonesian coverage at small scales.

Adapt. Err. % Win
Model w/o w/ w/o w/ Rate
Qwen3.5-4B 78.8 91.8 +130 0.2 00 73.7%
Qwen3.5-9B  81.0 955 1145 0.0 0.0 79.0%
Qwen3.5-27B 834 97.6 1142 0.0 00 81.5%

Table 19: Qwen3.5 on Indonesian (BOUQUET deyv,
504 items). Win rate = % of pairwise comparisons
where the instructed translation is preferred. The
Gemma patterns hold: instructions improve adapted-
ness, larger models benefit more.

XCOMET-XL
Model w/o w/
Qwen3.5-4B 941 923
Qwen3.5-9B 948 .939
Qwen3.5-27B 954 951

Table 20: XCOMET-XL for Qwen3.5 on Indonesian.
As with Gemma, COMET decreases when instructions
are added.

Domain A Adapt. A Rating
social comments +29.2 +10.0
conversation +25.6 +9.3
social posts +13.9 +4.8
narration +10.9 +5.8
reflection pieces +9.3 +5.3
other misc. +7.7 +4.2
how-to / instr. +5.5 +2.4
web misc. +3.9 +1.6

Table 21: Per-domain adaptedness and rating improve-
ment (with — without instructions) for Qwen3.5-27B
on Indonesian. The domain ordering matches Gemma:
informal domains benefit most.
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E Prompts

This section lists the prompts used in each stage
of the MT+ pipeline (Figure 1). Placeholders are
shown in {braces}.

E.1 Instruction Generation (Step a)

For BOUQUET, instructions are generated from
metadata (columns domain, par_comment, tags),
and the English source text. For WMT24++, a
simplified variant uses domain and source text only.

System prompt

You are an expert at creating translation instructions.
Given metadata about a text segment (domain, context
description, linguistic tags, and a reference translation),
generate a concise user instruction that a translator would
use to properly translate the source text.

The instruction should: 1. Specify the translation setting
(e.g., blog post, formal document, social media, novel). 2.
Define the target audience (e.g., general readers, profes-
sionals, fans of a genre). 3. Indicate the appropriate tone
and style.

Output ONLY the instruction, nothing else. Keep it to 1-3
sentences.

User message template

Domain: {domain}

Context: {par_comment}
Linguistic tags: {tags}
Reference translation: {eng_text}

Generate a user instruction for translating
this text.

Three fixed few-shot examples are prepended
(one each from the web, social posts, and narration
domains).

Every instruction is post-edited by paper authors.
Edits were minor, with a tendency to make instruc-
tions less verbose for clarity.

E.2 Translation (Step b)
We use two prompt variants, with and without a
user instruction.
E.2.1 Without instructions.
System prompt

You are an expert translator. Translate the English text to

{language}. Give only the translation, no extra commen-
tary.
User message

{source}

Both conditions (with/without) include 3 fixed
few-shot examples drawn from a held-out split, and
matching the format of the user message.

E.2.2 With instructions.
System prompt

You are an expert translator. Translate the English text
to {language}. Follow the user’s instruction about tone,
style, and context. Give only the translation, no extra
commentary.

User message

Instruction: {instruction}
Text: {eng_text}

E.3 LLM-Judge Evaluation (Step c)
System prompt

You are an expert translation evaluator. You will be given:
* Instruction: the desired tone/context for the translation

* Source sentence (English)

* Translation to evaluate (into {language})
Your task has three parts:
Part 1: Identify Error Spans. Identify specific text spans
in the translation that contain errors. For each error, pro-
vide the exact text and a label: Major (meaning change,
mistranslation, wrong language, or omission) or Minor
(grammar, style, awkward phrasing, typos). Return an
empty list if there are no errors.
Part 2: Critical Failure Flag. Set to true if the output is
not a translation at all (wrong language, unrelated content,
or not translating the source). Otherwise, false.
Part 3: Rate the Translation (0-100 scale).
Translation Rating: 0 = no meaning preserved; 33 = some
meaning, significant errors; 66 = most meaning, minor
issues; 100 = perfect.
Adaptedness: 0 = not adapted; 33 = minimally; 66 =
mostly; 100 = perfectly adapted to the requested tone/con-
text.
Respond ONLY with a valid JSON object:
{"error_spans”: [...1],
"is_critical_failure”: false,
"translation_rating_score”: 85,
"adaptedness_score”: 75,
"comment”: "Brief explanation”}

User message template

Instruction: {instruction}

Source sentence (English): {source}
Translation to evaluate: {translation}
Evaluate this translation.

F Paragraph-Level Translation

To test whether paragraph context alone (without
explicit per-sentence instructions) helps translation
adaptation, we compare two paragraph prompting
strategies against the sentence-level baseline (A):
P, which marks a single target sentence for transla-
tion within the paragraph, and P», which translates
all sentences at once in a numbered list. Figure 7
illustrates the two strategies on the same English
paragraph. We also include the A from adding ex-
plicit instructions (Instr) for comparison. Results
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P;: sentence markers (en—fra)

Prompt
My flight finally landed.

[TRANSLATE]The hotel shuttle was waiting outside.[/TRANSLATE]
All I want now is a hot shower

Model output

La navette de 1’hétel attendait dehors.

P5: numbered list (en—fra)

Prompt

S1: My flight finally landed.
S2: The hotel shuttle was waiting outside.
S3: All I want now is a hot shower.

Model output

S1: Mon vol a enfin atterri
S2: La navette de 1’hotel attendait dehors.
S3: Tout ce que je veux, c’est une douche chaude.

Figure 7: The two paragraph-level prompting strategies illustrated on a 3-sentence paragraph. P;: only the bracketed
sentence is returned; the model uses the surrounding sentences purely as context. P»: all sentences are translated
together and returned in the same numbered format. Both strategies are scored at the sentence level.

Translation Rating

Adaptedness

fra ind ukr khm jav Avg. fra ind ukr

khm jav Avg.

Base 95.0 933 945 76.8 81.1 88.1 89.0 834 90.7 723 772 82.6
Gemma-3-27B A P;—Base -2.1 26 3.0 40 38 3.1 -09 -16 -1.7 41 -3.0 =23
A P,—Base +0.6 +0.2 +0.6 -09 +05 +0.2 +1.7 +04 +04 -10 +0.1 +03

A Instr—Base +2.4 +47 +1.3 +1.2 +0.2 +2.0 +9.3 +15.1 +6.2 +7.9 +7.1 +9.1

Base 94.0 924 93.1 80.1 80.3 88.0 86.1 80.7 88.9 72.8 751 80.7

Qwen3.5-27B A P —Base +0.5 -0.1 +0.1 -03 +0.2 +0.1 +1.2 -0.1 -03 +03 +0.2 +0.3
’ A P,—Base +09 +0.1 +0.7 -0.2 +0.6 +04 +2.1 +1.2 +0.0 -03 +0.8 +0.8

A Instr—Base +4.0 +5.1 +1.9 +2.8 2.0 +2.4 +11.5 +16.7 +7.1 +9.0 +43 +9.7

Base 96.0 93.7 964 92.1 924 94.1 89.1 82.8 929 842 870 872

A P;—Base +0.2 +0.3 +0.2 +0.7 +0.0 +0.3 +1.2 +1.0 +0.5 +1.2 +04 +09

Gemma-4-31B A P>—Base +0.7 +0.7 +0.1 +1.1 +0.4 +0.6 +2.5 +2.0 +0.5 +1.2 +1.5 +1.5
A Self-Instr—Base +2.1 +4.6 +1.0 +2.6 +3.0 +2.7 +7.6 +140 +3.0 +9.1 +7.1 +82

A Instr—Base +3.2 +53 +2.2 +34 +3.7 +3.6 +9.9 +159 +5.8 +10.6 +8.8 +10.2

Base 96.2 93.0 97.2 91.8 89.7 93.6 884 823 928 82.7 802 853

GPT-5.4 A P;—Base +0.2 +1.1 +0.8 +1.3 +23 +1.1 +22 +14 +2.1 +23 +63 +29
’ A P,—Base +0.7 +1.2 +0.6 +1.3 +23 +1.2 +3.1 +09 +1.7 +22 +6.2 +2.8

A Instr—Base +2.6 +58 +1.8 +4.0 +4.3 +3.7 +8.2 +16.0 +53 +11.1 +11.2 +104

Table 22: Comparison of paragraph prompting strategies (P / P») with explicit instructions about translation
purpose (Instr). Instructions always outperform paragraph-level context, with the gap widening as model capability
increases. Base = sentence-level translation, without instructions. P; = sentence markers: the target sentence is
wrapped in [TRANSLATE] tags and the model translates only that sentence using the rest as context. P» = numbered

list: all sentences are presented as S1: ./ S2:

are shown in Table 22.

27B models (both Gemma-3 and Qwen3.5)
get uneven gains from paragraph-level translation
across languages (often negative for Gemma-3 and
near zero for Qwen3.5), while explicit instructions
yield consistent positive gains across all five lan-
guages. Stronger models (Gemma-4-31B and GPT-
5.4) extract more from both paragraph context and
explicit instructions, with all A values positive.
Across all four models, explicit instructions yield
larger adaptedness gains than either paragraph strat-
egy (roughly 49 to +10 points over baseline), con-
firming that explicit purpose instructions remain
the most reliable adaptation method across mod-

. and the model returns translations in the same format.

els.

G Instruction Ablation Study

We decompose instructions into two components:
context (situational framing, e.g. "This is a conver-
sation between two female friends") and purpose
(pragmatic directives, e.g. "Use casual, colloquial
language") and measure how each contributes to
translation adaptedness with Gemma-3-27B.
Across languages we find that any instruction
condition (context, purpose, or full) improves
adaptedness, with context and purpose only par-
tially closing the adaptedness gap compared to the
full instruction (Table 24). For higher-resource lan-

57386



Lang. None Context Purpose Full
fra 89.04£19.1 954 +141 9524130 983+ 80
ind 83.4£227 96.5+108 959+110 98.6+ 59
ukr 90.7+17.0 9544126 945+141  96.9 4102
khm 723 +£240 7594236 7634234 80.2 4221
jav 7724229 80.24230 8294215 84.44204
Table 23: Mean adaptedness score (£ std. dev.) by

instruction variant (Gemma-3-27B, BOUQUET dev).
High-resource languages show higher means and re-
duced variance with any instruction; low-resource lan-
guages see modest mean gains with persistent variance.

Indonesian
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Adaptedness score
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Ukrainian

AI—T—ITTTA

Language Context Purpose

French 69% (+6.4) 67% (+6.2)
Indonesian 86% (+13.1) 82% (+12.5)
Ukrainian T6% (+4.7) 61% (+3.8)
Khmer 46% (+3.6) 51% (+4.0)
Javanese 42% (+3.0) 79% (+5.7)

Table 24: Percentage of the adaptedness gap closed
toward full instructions, with absolute score improve-
ment over no-instruction baseline in parentheses. For
high-resource languages, context alone recovers 69—
86% of the full benefit. For Javanese, purpose only
wins largely over context (79% vs. 42%), while Khmer
and Ukrainian show balanced contributions from both.

Khmer Javanese
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Figure 8: Distribution of adaptedness scores by instruction variant (Gemma-3-27B, BOUQUET dev). Diamond
markers indicate means. For high-resource languages, any instruction variant collapses the distribution upward; for
low-resource languages, variance remains high regardless of variant.

guages (French, Indonesian, Ukrainian), context
alone tends to outperform purpose alone, while for
lower-resource languages (Khmer, Javanese), the
opposite is true. This points to a model capability,
where the model accurately identifies what is the
right register or tone to use for a given context for
high-resource languages (e.g. "this is a conversa-
tion between friends" — model uses an informal
tone), but needs more explicit guidance for lower-
resource languages (e.g. "use casual language" —
model uses an informal tone).

For all instruction conditions, we find that for
higher-resource languages, adaptedness variance is
very low when any instruction is added (Figure 8),
whereas for lower-resource languages, variance
is much higher across all conditions, albeit lower
for the full instruction variant. This suggests that
for lower-resource languages, the model’s prag-
matic competence is less robust: even explicit in-
structions cannot reliably steer register and tone.

H Self-Instruction: Per-language &
WMT24++ Results

In this section, we report the per-language per-
formance and WMT24++ replication of the self-

instruction experiment from §5.

For Gemma-4-31B (Table 25), Self-Instr is pos-
itive for every language on both metrics, with
per-language gap closures strongest on Indone-
sian (88%/87% on adapt./rating) and weakest on
Ukrainian (52%/45%).

For Gemma-3-27B (Table 26), Self-Instr closes
71% of the adaptedness gap and 43% of the
translation-rating gap on average: weaker than
Gemma-4-31B but still positive for every lan-
guage on adaptedness, confirming that the effect is
not tied to Gemma-4. The translation-rating gap
closes less consistently, with a regression on Ja-
vanese (Self-Instr 79.5 vs. None 81.1 while Full
reaches 81.3), which we attribute to Gemma-3-
27B’s weaker Javanese performance.

Replication on WMT24++ For each segment,
Gemma-3-27B first drafts a user instruction from
surrounding document (target sentence marked
with [TARGET]), then translates conditioned on its
own brief; as in §5, adaptedness is judged against
the curated instruction so rating is comparable
across conditions. Table 27 shows the BOUQuUET
finding replicates closely: Self-Instr closes 74%
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Adaptedness Translation rating
Language None Self-Instr Full % Gap None Self-Instr Full % Gap
French 89.1 96.7 99.0 77% 96.0 98.1 99.2 66%
Indonesian 82.8 96.8 98.8 88% 93.7 98.3 99.0 87%
Ukrainian 92.9 95.9 98.7 52% 96.4 974 98.6 45%
Khmer 84.2 93.3 9438 86% 92.1 94.7 955 76%
Javanese 87.0 94.1 959 80% 92.4 95.4  96.0 83%

Table 25: Per-language self-instruction results with Gemma-4-31B on BOUQUET dev, under None (no instruction),
Self-Instr (self-generated from paragraph), and Full (gold). % Gap is the fraction of the None-to-Full gap closed

by Self-Instr.

Adaptedness Translation rating
Language None Self-Instr Full % Gap None Self-Instr Full % Gap
French 89.0 957 983 72%  95.0 96.6 974 67%
Indonesian ~ 83.4 957 98.6 81% 933 96.8 98.0 74%
Ukrainian 90.7 94.6  96.9 63% 945 95.0 95.7 42%1
Khmer 72.3 77.6  80.2 67%  76.8 77.0 78.0 17%"
Javanese 77.2 81.4 844 58% 81.1 79.5 813 regress.}

Table 26: Per-language self-instruction results with Gemma-3-27B on BOUQUET dev. Same metrics and setup as
Table 25, with Gemma-3-27B used both to generate the self-instruction and to translate. TFull improves translation
rating by less than 1.5 points over None, making the ratio noisy. *Self-Instr mean (79.5) falls below None (81.1),

while Full reaches 81.3.

Adaptedness Translation rating
Language None Self-Instr Full 9% Gap None Self-Instr Full % Gap
French 83.0 92.0 96.9 64%  89.1 90.7  96.5 22%
Indonesian 78.4 93,5 969 82% 86.8 91.8 96.2 53%
Ukrainian 81.6 91.4 952 2% 874 893 941 28%

Table 27: Per-language self-instruction results with Gemma-3-27B on WMT24++ (fra/ind/ukr, 997 items per
language), under None (no instruction), Self-Instr (self-generated from the surrounding document), and Full
(curated). % Gap is the fraction of the None-to-Full gap closed by Self-Instr. Translations were produced with
the self-instruction; adaptedness is judged against the curated instruction. None and Full match the Baseline and

Instructions rows of Table 17.

of the adaptedness gap and 36% of the translation-
rating gap on average, against 71%/43% for the
same model on BOUQUET, and is positive for ev-
ery language on both metrics. The effect is no-
table given that raw document context, fed directly
as P; paragraph input, hurt adaptedness by —10.6
on these same languages (Table 17): the same
document context flips from harmful to beneficial
once the model externalises it as an explicit brief.
WMT24++ documents are longer than BOUQuUET
paragraphs, yet the model still drafts useful briefs
from them. Curated instructions retain an edge
(a stronger drafting model and an explicit domain
label), but a model with no user-supplied brief
recovers most of the adaptedness benefit from
document context alone.

I PEFT with a 27B teacher

Recipe. To mitigate the high rate of critical fail-
ure rates for the 4B model on lower-resource lan-
guages, we experiment with knowledge distillation
from the 27B model, using a LoRA adapter.

1. Sources. We use all English source sentences
from SMOL (Caswell et al., 2025)’, a trans-
lation training dataset that balances data di-
versity and quality. We use both SmolDoc
(7,805 sentences) and SmolSent (863 sen-
tences), which have 7,815 unique English
source sentences after deduplication.

2. Instructions. For each source sentence, Gem-
ini drafts a concise, language-agnostic instruc-
tion, similar to that in BOUQUET (§3.2).

"hf.co/datasets/google/smol
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Figure 9: PEFT pipeline with a 27B teacher. For each English sentence from google/smol, Gemini drafts a
register/tone instruction; Gemma-3-27B translates conditioned on the sentence and the instruction. The (source,
instruction, teacher-translation) triple is used for supervised SFT of a LoRA adapter for Gemma-3-4B, with assistant-
only loss on the teacher output.

Lang Model Instr. Adapt. Rating Crt.%
4B base w/o 77.5 81.3 2.6
4B base w/ 74.6 71.6 16.5
ukr 4B + SFT-ukr  w/o 82.9 154 85.5 142 0.6 | -2.0
4B + SFT-ukr  w/ 888 +142 874 1158 0.0 | -165
4B + SFT-jav ~ w/ 83.8 192 826 1110 1.6 |-149
4B base w/o 39.3 43.3 7.0
4B base w/ 29.0 25.2 45.5
jav 4B + SFT-jav ~ w/o 46.6 7.3 47.3 1 4.0 44 | 2.6
4B + SFT-jav =~ w/ 504 1214 47.8 1226 4.0 |-415
4B + SFT-ukr  w/ 45.1 1161 433 1181 7.6 | -379

Table 28: PEFT results on BOUQUET dev. SFT vastly reduces critical error rates when instructions are present for
both languages (ukr 16.5% — 0.0%, jav 45.5% — 4.0%), with cross-lingual transfer (ukr adapter works for jav, and
vice-versa). Deltas in each SFT row are against the 4B base in the same instruction condition.

3. Teacher. Gemma-3-27B translates each and adaptedness both rise substantially

(source, instruction) pair with the same
prompt as our main experiments (§E.2).

. Student. Gemma-3-4B with a LoRA adapter
(r=16, a=32, dropout 0.05), is trained for
1 epoch at learning rate 2 x 10> with batch
size 4 and gradient accumulation 16. We use
the conversational chat format (user: instruc-
tion + source; assistant: teacher translation)
and mask all non-assistant tokens (assistant-
only loss).

(Ukrainian: +15.8 rating, +14.2 adaptedness;
Javanese: +22.6 rating, +21.4 adaptedness).

Cross-language transfer. Applying the
Ukrainian-trained adapter to Javanese (4B +
SFT-ukr in Table 28), the 4B model stays in
Javanese rather than falling back to Ukrainian,
and recovers most of the in-language adapter’s
benefit: 45.5% — 7.6% critical (vs. 4.0% for
the Javanese-trained adapter), with +18.1 rat-
ing and +16.1 adaptedness over the instructed
base.

This suggests the adapter primar-
ily adds a language-agnostic instruction-
following capability (follow the instruction
brief, do not fall back to English), rather than
target-language-specific translation knowl-
edge.

We train one adapter for Ukrainian and one for
Javanese, being the two languages with high critical
failure rates for the 4B model with instructions
(16.5% and 45.5%, respectively).

Results. Three findings (Table 28):

e Critical failures on instruction-driven
translation are almost eliminated.
Ukrainian drops from 16.5% — 0.0%;
Javanese from 45.5% — 4.0%. Rating
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even the without-instruction BOUQUET con-
dition (Ukrainian: 2.6% — 0.6% critical, +4.2
rating; Javanese: 7.0% — 4.4%, +4.0 rating).

Overall, our results suggest that the adapter
primarily adds a language-agnostic instruction-
following capability, enabling the 4B model to
translate both with and without instructions more
reliably.

J Judge-Input Ablation

Our judge sees the source, the instruction, and
the translation, and scores both criteria from that
single view (Figure 1(c)). Adaptedness necessar-
ily requires the instruction, but translation rating
may not depend on it. We therefore re-judge with
each criterion’s input restricted: source-only hides
the instruction and scores translation rating alone,
and instruction-only hides the source and scores
adaptedness alone. Both run on BOUQUuET with
Gemma-3-27B and the same Gemini-3-Flash judge,
for French and Khmer, the highest and lowest agree-
ment languages in Table 2.

Table 29 shows the two criteria behave differ-
ently. Adaptedness is robust: hiding the source
leaves the gain from instructions intact in both lan-
guages (+12.7 and +7.2, against +9.3 and +7.9
jointly). Translation rating is not: under an
instruction-blind judge the small gain we report
reverses, to —2.3 on French and —3.4 on Khmer.
Instructions do change the surface form of a trans-
lation, and a judge that cannot see why tends to
read those changes as departures from the source.

Two caveats bound how far this should be inter-
preted. First, the source-only condition gives the
judge strictly less context than our main setup: it
sees one sentence at a time, with no instruction
to indicate the intended audience or purpose, so
some of the drop may reflect an under-informed
judge rather than a worse translation. Second, our
human validation (Table 2) was collected for the
joint setup only. We have no human annotations
judged source-only, so we cannot say whether the
instruction-blind judge tracks human ratings as
well as the joint judge does. We therefore read this
as a bound on the translation-rating result rather
than a replacement for it: the adaptedness finding,
which is our main claim, survives the separation,
while the smaller translation-rating gain depends
on the judge seeing the instruction.

fra khm
Criterion w/o  w/ A wlo w/ A

Rating 95.0 974 +24 768 78.0 +1.2
Rating 98.7 963 23 848 814 -34

Source + instr.  Adapt. 89.0 983 | 493 723 80.2 +7.9
Instruction only ~ Adapt. 80.4 93.1 [ +12.7 702 774 +7.2

Judge sees

Source + instr.
Source only

Table 29: Judge-input ablation, Gemma-3-27B on BOU-
QuET (504 items per cell). “w/0” and “w/” are scores
without and with user instructions at translation time.
Adaptedness survives hiding the source; translation rat-
ing reverses when the instruction is hidden. The source-
only judge was not validated against human annotations;
see the caveats in §J.

K Controlled-MT Benchmarks

Our instructions are free text, whereas the
controllable-MT literature (§2) steers translation
on a specific attribute (formality, gender, etc). This
section asks whether our findings survive on that
literature’s own benchmarks and metrics, where
scoring is reference-based or uses gold phrase-level
annotations, and no LLM judge is involved. We
evaluate Gemma-3-27B on CoCoA-MT (Nadejde
et al., 2022) for formality and MT-GenEval (Currey
et al., 2022) for gender.

Conditions. On CoCoA-MT we compare four
ways of requesting a register: no control (CO), the
categorical tag used by prior work (“Use formal/in-
formal register.”, C1), a BOUQuET-style brief that
names the register alongside audience and domain
(C2), and an implicit scenario that describes the
social situation in free text without ever naming
a register (C3). C1-C3 each run twice, once tar-
geting each register; CO requests no register and
is reported in Table 30. On MT-GenEval we use
the counterfactual subset (gender cue inside the
sentence; plain translation vs. a brief stating the
referent’s gender) and the contextual subset, where
the cue appears only in the preceding sentence. The
contextual subset mirrors our main conditions di-
rectly: sentence alone, paragraph context (P;), ex-
plicit instruction, and self-instruction (as in Fig-
ure 5).

Explicit control is near ceiling (95.0); implicit
control nearly matches it (93.1). Table 31 re-
ports control accuracy, the mean of M-Acc un-
der a formal and an informal target, where 50 is
chance. Averaged over the eight languages, the cat-
egorical tag reaches 95.0 and the implicit scenario
93.1 (C3b), so a description of the social situation
that never names the register recovers 96% of the
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C0 formal default (%)

CoCoA domain WMT24++ domain de es fr hi it ja nl p P
topical_chat social (matched) 10.6 27 658 682 14 368 0.0 —0.964 0.003
telephony speech (matched) 9.9 6.2 59.7 518 39 267 43 —0.821 0.034
call_center news (placebo) 780 563 953 950 294 699 294 —-0.071 0.906

Table 30: Does a model’s default register predict its un-instructed adaptedness? Cells give the CO formal-default
rate: the share of un-instructed outputs rendered formally, among the segments whose output carries one of CoCoA’s
annotated formality markers. p is the Spearman correlation, across the seven languages of a row, between that rate
and the WMT24++ baseline adaptedness of the matched domain, with p from an exact permutation test. Negative p
means a more formal default goes with worse un-instructed adaptedness. News is a placebo: a formal default is

appropriate there.

Condition de es fr hi it ja nl pt

Cl1 categorical tag 99.0 97.4 93.6 89.2 98.2 87.0 98.2 97.6
C2 explicit brief 93.5 97.0 789 71.1 97.7 79.4 98.5 91.2
C3 implicit scenario  84.6 76.1 89.8 91.3 77.3 82.0 77.6 86.0
C3b implicit scenario 97.7 90.9 97.4 92.9 954 84.8 88.7 96.9

Coverage (%) 72 73 70 78 59 39 81 69

Table 31: CoCoA-MT formality accuracy, Gemma-3-
27B. Mean of M-Acc under a formal and an informal
target (50 = chance). C3 and C3b never name the regis-
ter; they describe the social situation only. Coverage is
the share of segments that M-Acc can score, i.e. those
whose output contains one of CoCoA’s annotated for-
mality markers; on the rest the output commits to neither
register and is dropped from the M-Acc denominator
(reported for C3). “ C3b is C3 with a single prompt
changed. C3’s formal ropical_chat scenario, a public
discussion forum between strangers, does not imply for-
mality in most of these languages, so C3b substitutes
a professional-conference setting; every other scenario,
including all three informal ones, is unchanged; see §K.

tag’s above-chance control. This is the capability
that free-text instructions add over categorical la-
bels: the user describes the situation, and the model
chooses the register.

Implicit scenarios expose language-specific
norms. Our first attempt at a fopical_chat sce-
nario, “a public discussion forum between two peo-
ple who have just met”, failed in most languages:
it reaches 100.0% formal in German under the ex-
plicit tag but only 7.4% under the scenario, and
2.1% in Spanish, 2.2% in Italian. It did not fail
everywhere, though: Hindi reaches 89.8% and
Japanese 72.3%. Hindi and Japanese grammat-
icalise deference to strangers, whereas German,
Spanish, Italian address strangers online informally.
The scenario therefore has no single cross-lingual
gold label, exposing a limit in this benchmark, and
showing an ability for models to integrate these
norms. C3b replaces that cell with a professional-
conference scenario, which is more universally for-
mal, and recovers 77.5-100.0% across languages.
C3b was authored after observing C3, and we re-

port both. The failure pattern is informative: the
model and applies language-specific norms on
formality in online forums, which categorical tags
would miss.

Condition Metric ar de e fr hi it  pt ru Avg.

Strictacc.  68.7 64.0 553 67.7 36.0 48.3 657 68.0 59.2
Official acc. 83.7 71.3 71.3 70.7 68.3 65.7 70.3 80.7 72.8

Gender brief Strictacc. 70.3 71.7 63.7 75.0 40.0 56.3 72.3 72.3 65.2
Official acc. 88.3 78.7 80.3 79.3 72.3 73.0 76.3 86.3 79.3

Baseline

Table 32: MT-GenEval counterfactual subset, where
the gender cue is already in the sentence. Official accu-
racy is the metric of Currey et al. (2022), which marks
any hypothesis without a wrong-gender word as correct.
Strict accuracy additionally requires a correct-gender
word.

Instructions beat paragraph context. On the
MT-GenEval contextual subset (Table 33) the gen-
der cue exists only in the previous sentence, so
this dataset is designed to make document context
count. While paragraph context lifts strict gender
accuracy from 47.0 to 67.5, explicit instructions do
better, at 72.9. This replicates §4.4 against gold
annotations with no LLM judge in the loop. On the
counterfactual subset (Table 32), where the cue is
already inside the sentence, a brief that restates the
referent’s gender still lifts strict accuracy from 59.2
to 65.2 on average, and the official metric from
72.8 to 79.3.

Condition ar de es fr hi it  pt ru Avg.
Sentence only 453 47.1 51.5 49.9 429 479 502 41.1 47.0
Paragraph context (P1) 66.6 67.3 76.6 73.0 56.8 65.6 73.7 60.2 67.5
Instruction 722 725 819 779 65.0 722 77.0 64.8 72.9
Self-instruction 58.7 60.7 70.6 64.2 53.3 584 669 53.1 60.7

Table 33: MT-GenEval contextual subset, strict gen-
der accuracy. The gender cue appears only in the pre-
ceding sentence, so the sentence-only condition must
guess. Strict accuracy requires the hypothesis to com-
mit to the correct gender (the official metric scores a
non-translation as correct).

Metric guards. Both official metrics can be
gamed by not committing. MT-GenEval’s accu-
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racy marks a hypothesis correct whenever it con-
tains no wrong-gender word, so an empty out-
put scores 1.000 and passing the English source
through scores 0.907-1.000 across the eight lan-
guages. We therefore report strict accuracy, which
additionally requires a correct-gender word, along-
side the official metric. Both accuracies also err
the other way: a hypothesis is flagged whenever
it contains any word found only in the opposite-
gender reference, articles included, so le 17 mars
is flagged as masculine where the reference wrote
du 17 mars. Absolute accuracies are therefore con-
servative; the comparison across conditions is the
meaningful quantity. Similarly, CoCoA-MT’s M-
Acc drops segments where no marker matches, so a
model that dodges hard segments scores well on a
small denominator. These issues underline the ben-
efits of using an LLM-judge, similar to our main
experiments.

On LLMs defaulting to formal register. §6 ar-
gues that instructions help most on conversational
text because LLMs default to the written register of
their pretraining distribution. CoCoA’s CO con-
dition measures that default directly, with gold
annotations, and conditions on segments that re-
quire a register choice. The default is strongly
domain-conditioned: German is 78.0% formal
on call_center but 10.6% on topical_chat, so we
measure it per language and domain (Table 30).
We can therefore test the mechanism, by correlat-
ing each language’s formal-default rate with its
un-instructed WMT24++ adaptedness, within do-
main.® The two matched pairs are strongly neg-
ative and the placebo is null: a formal default
predicts poor un-instructed adaptedness on con-
versational text, and does not on news, where a
formal default is correct.

L Annotation Protocol

This appendix details the human-annotation proce-
dure underlying the LLM-human agreement results
in Table 2 and the broader discussion in §3.4.

Annotator pool. One native-speaker annotator
per target language, recruited through the authors’
personal networks:

* French (French native speaker),

80utcome values come from the batch judge run over
WMT24++; seven of the eight languages have no other run.
Portuguese is excluded because its WMT24++ outputs were
produced with a region-stripped prompt, so its predictor and
outcome would describe different language variants.

* Indonesian (Indonesian native speaker),
* Ukrainian (Ukrainian native speaker),
* Khmer (Khmer native speaker),

* Javanese (Javanese—Indonesian bilingual, na-
tive Javanese speaker).

Task. For each of 160 (source, instruction, candi-
date translation) tuples per language, the annotator
(a) marked error spans (Minor / Major) on the can-
didate translation (b) assigned a 0—100 translation
rating following the ESA protocol (Kocmi et al.,
2024), and (c) assigned a 0—100 adaptedness score
reflecting how well the translation matches the in-
struction’s purpose. The annotation interface (Fig-
ure 2) displays the source sentence, the instruction,
and a single candidate translation; the source lan-
guage (English) and target language were shown
explicitly.

Training and rubric. Each annotator received a
video walkthrough covering: the ESA error-span
taxonomy and rating scale, the adaptedness rubric
(scale guide reproduced in Figure 2), and use of
the Label Studio interface. Annotators could ask
follow-up questions before and during the task. No
quality filter was applied beyond the initial walk-
through; agreement metrics in Table 2 thus reflect
single-annotator judgements.

Compensation. Approximately US$20/hour.
This rate is above the national minimum wage
in the relevant jurisdictions and above prevailing
rates for similar annotation work in the annotators’
countries of residence.

Consent. Annotators were informed of the pur-
pose of the task (evaluation of machine-translation
outputs for a research publication), the format of
the data, and the use of their judgements (aggre-
gated, non-identifying). Consent was obtained
prior to annotation.
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