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Abstract

We present Qingqiu-MT-9B, an instruction-
following multilingual translation model devel-
oped for the constrained track of the WMT26
General Machine Translation shared task. Our
model supports translation among 20 languages
and covers 22 of the 23 official language pairs.
It uses a source-grounded synthesis pipeline
with separate LLM-based steps for generating
instance-specific translation instructions and
their corresponding translations. The result-
ing corpus covers diverse translation require-
ments, task complexity, instruction formula-
tions, domains, document lengths, and glos-
sary constraints, reducing reliance on fixed
prompt templates and supporting generaliza-
tion to unseen translation instructions. Our
model is based on Qwen3.5-9B and trained
through two-stage full-parameter supervised
fine-tuning (SFT) followed by reinforcement
learning (RL). The first SFT stage performs
broad adaptation on a large-scale, medium-
quality corpus, while the second refines the
model on a smaller, higher-quality set. The
RL stage further optimizes the model with
Group Relative Policy Optimization (GRPO).
During development, we use an LLM-based,
rubric-guided contrastive method that scores
candidates by dimension and aggregates an
overall score to assess translation quality. Ex-
periments show that Qingqiu-MT-9B demon-
strates strong generalization and competitive-
ness among similarly sized models. We release
the model at https://huggingface.
co/WPS-Qinggiu/Qinggiu-MT-9B.

1 Introduction

The WMT26 General Machine Translation Shared
Task! covers 23 official language pairs. Unlike
conventional translation settings that provide only
a source text and target language, each sample in-
cludes a natural-language translation instruction. A

'https://www2.statmt.org/wmt26/
translation-task.html

system must therefore not only convey the source
meaning accurately but also follow the translation
requirements specified for each instance. This set-
ting requires both robust multilingual translation
capabilities and the ability to generalize to open-
ended natural-language translation instructions.
For data construction, we do not treat instruction-
following translation as a small-scale auxiliary task;
instead, we make it a central component of our
large-scale synthetic data. Accordingly, we con-
struct a training corpus that pairs diverse source
texts and translation instructions with high-quality
target translations, thereby improving the model’s
ability to generalize across translation scenarios
and to unseen translation instructions. Each synthe-
sized example follows a shared schema containing
the source language, target language, source text, a
natural-language translation instruction grounded
in the source, and its corresponding translation.
To broaden coverage of both source texts and
translation instructions, we increase data diversity
in source sampling and translation-instruction syn-
thesis. Source texts are sampled by language, do-
main, and length. We then set the training-data
proportions for each target-language direction and
convert a randomly selected subset to HTML for
end-to-end HTML translation. For translation-
instruction synthesis, we factorize natural-language
instructions along task complexity and instruction
formulation, drawing their content from a carefully
designed pool of translation requirements. Dy-
namic composition of the synthesis prompt controls
how these factors are combined and distributed
across the corpus. For each source text, an LLM
is then used to generate a source-grounded and ac-
tionable natural-language translation instruction;
once the instruction is fixed, a corresponding trans-
lation is generated according to its requirements.
Compared with fixed-template synthesis, this fac-
torized construction expands the combinations of
translation requirements and instruction formula-
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tions, encouraging the model to learn translation
behaviors that generalize across instruction formu-
lations rather than surface patterns tied to specific
prompt templates.

For model training, we build on Qwen3.5-9B
(Qwen Team, 2026) with two-stage SFT followed
by RL. The SFT stages are stratified by data qual-
ity. Stage 1 prioritizes scale and coverage, using
large-scale, medium-quality multilingual data to
establish foundational instruction-following trans-
lation capabilities. Stage 2 instead prioritizes qual-
ity. Data generated by a stronger teacher model are
filtered to form a smaller, higher-quality training
set, which is used to further improve translation
quality. The RL stage then applies GRPO with con-
trastive LLM-based rewards (rubric-guided LLM-
as-a-judge with language gates, plus GEMBA-
ESA-style scoring) and rule-based length and for-
mat signals, using group-relative advantages over
sampled outputs for the same prompt.

The main stages of our model development
pipeline are:

* A source-grounded pipeline that combines
multidimensional source sampling with fac-
torized synthesis of translation instructions
to create diversity across languages, domains,
document lengths and formats, translation re-
quirements, levels of task complexity and
instruction formulations, and glossary con-
straints;

* A quality-tiered two-stage full-parameter
SFT recipe that first learns from large-scale,
medium-quality data and then refines the
model on a smaller, higher-quality curated
set;

* An RL stage using GRPO with contrastive
LLM-based rewards (rubric-guided LLM-as-
a-judge with language gates, plus GEMBA-
ESA-style scoring) and rule-based length and
format signals;

* An LLM-based, rubric-guided contrastive
evaluation that scores candidates by dimen-
sion and aggregates an overall score to assess
translation quality.

2 Related Work

Adapting large language models for translation.
Work on LLM-based machine translation (MT) pro-
gresses from eliciting latent multilingual ability

with prompts to translation-specific specialization.
PalLM shows strong few-shot translation but still
trails supervised MT systems (Vilar et al., 2023),
while a 204-language study finds ChatGPT compet-
itive mainly on higher-resource languages (Robin-
son et al., 2023). Translation-specialized open mod-
els then narrow this gap: ALMA combines mono-
lingual continued pretraining with high-quality par-
allel refinement (Xu et al., 2024a), Tower adds mul-
tilingual instruction tuning (Alves et al., 2024), and
ALMA-R introduces preference optimization (Xu
et al., 2024b). WMT24 and WMT?2S5 results place
adapted LLMs among leading systems while show-
ing that harder and lower-resource directions re-
main substantially challenging (Kocmi et al., 2024a,
2025). More recently, TranslateGemma specializes
Gemma 3 through SFT on human and high-quality
synthetic parallel data followed by RL with an en-
semble of translation rewards, and reports consis-
tent gains over its base models across broad mul-
tilingual evaluation (Finkelstein et al., 2026). The
field thus shifts from scale alone toward data qual-
ity, multilingual coverage, and translation-specific
post-training.

Supervised fine-tuning for MT. SFT is the stan-
dard first stage for adapting decoder-only LLMs
to MT, with the source, language information, and
translation requirements forming an instruction and
the target translation providing token-level super-
vision. ParroT combines translation, contrastive,
and error-guided instructions (Jiao et al., 2023),
while multilingual translation-instruction tuning
can transfer to unseen directions (Li et al., 2024).
Recent work places greater emphasis on mixture de-
sign. LMT identifies directional degeneration when
symmetric multiway data overemphasize many-to-
one directions and mitigates it through strategic
downsampling (Luo et al., 2025). MiLMMT-46
studies broad multilingual continued pretraining
followed by a smaller, high-quality instruction-
tuning set and finds strong many-to-many gains
from moderate amounts of curated supervision
(Shang et al., 2026). These results motivate at-
tention to instruction diversity, direction balance,
and target quality rather than raw bitext volume
alone.

Reinforcement learning for MT. RL is used
to reduce the mismatch between token-level
maximume-likelihood training and sequence-level
MT evaluation. Early approaches optimize met-
rics such as BLEU with REINFORCE or actor—
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critic training (Ranzato et al., 2016; Bahdanau
et al., 2017), while large-scale MT studies iden-
tify reward design and optimization stability as
key concerns (Wu et al., 2018). More recently,
GRPO becomes attractive for LLM-based MT be-
cause it derives relative advantages from multiple
translations sampled for the same prompt with-
out training a separate value model (Shao et al.,
2024). Shy-hunyuan-MT applies GRPO after su-
pervised distillation with a composite reward com-
bining BLEU, XCOMET, and an LLM-based flu-
ency score (Zheng et al., 2025). GRRM further
argues that isolated scalar metrics may provide
weak intra-group resolution and instead learns to
score the full candidate group jointly (Yang et al.,
2026). Conversely, WALAR shows that RL can
amplify blind spots in source-based QE into omis-
sions, over-translation, or wrong-language output
(Liu et al., 2026). Reward design is therefore cen-
tral to RL for MT and benefits from combining
quality estimates with directly observable task con-
straints.

Automatic translation evaluation and quality
estimation. Automatic MT assessment includes
both reference-based metrics and reference-free
quality estimation (QE). COMET learns from hu-
man judgments over the source, hypothesis, and
reference (Rei et al., 2020), and CometKiwi ex-
tends this family to sentence- and word-level QE
(Rei et al., 2022). MetricX-23 trains reference-
based and QE regressors on human judgments and
synthetic data (Juraska et al., 2023). MetricX-24
extends this family with a hybrid model and tar-
geted synthetic failure cases (Juraska et al., 2024);
MetricX-25 updates the family using Gemma 3
and introduces GemSpanEval for predicting er-
ror spans with categories and severities (Juraska
etal., 2025). Prompted LLM judges form a comple-
mentary line. GEMBA scores translations with or
without a reference (Kocmi and Federmann, 2023),
while GEMBA-ESA follows the ESA protocol of
combining error spans with holistic scoring (Kocmi
et al., 2024b; Freitag et al., 2024). Candidate-aware
evaluation is also emerging: COMET-poly con-
textualizes a hypothesis with alternative transla-
tions (Ziifle et al., 2025), whereas Nvidia-Nemo
jointly evaluates all candidates and finds relative
evaluation effective when organized as a two-stage
evaluate-then-refine procedure (Yan et al., 2025).
WMT?25 results nevertheless show that references
still help at the segment level and that robustness

across languages remains challenging (Lavie et al.,
2025).

3 Task and System Overview

Figure 1 summarizes the system. Heterogeneous
multilingual sources are first paired with source-
grounded translation instructions, optionally in-
cluding terminology constraints. A teacher then
translates each source under its instruction. Failure-
oriented filtering removes malformed, wrong-
language, repetitive, or structurally inconsistent
outputs. The resulting examples are converted to a
two-message chat format. A large, broadly filtered
corpus feeds Stage 1 SFT, while a smaller and more
stringently curated high-quality set feeds Stage 2.
The resulting policy is further optimized using the
composite reward in Section 3.2.2.

3.1 Data Construction

Our data construction comprises three sequential
stages: broad-coverage monolingual corpus collec-
tion, synthesis of diverse translation instructions,
and high-quality translation synthesis. The three
stages share one objective: at the instance level,
each translation instruction should be grounded in
its source and actionable, with its requirements re-
alized by the target translation; at the corpus level,
the resulting instruction-translation data should be
large-scale, diverse, and high-quality.

3.1.1 Broad-coverage monolingual corpus
collection

We draw source texts from heterogeneous multi-
lingual pools. Public sources include MADLAD-
400 (Kudugunta et al., 2023), FineWeb2 (Penedo
et al., 2025), Common Crawl Traditional Chinese
(Li, 2024), and MNBVC (MOP-LIWU Commu-
nity and MNBVC Team, 2023). We complement
these resources with the domain-labelled Indus-
tryCorpus2 collection (Shi et al., 2024) and our
in-house datasets. The combined pool spans ev-
eryday content as well as literary, news, technical,
and financial domains. We retain longer passages
in addition to sentence-level examples so that the
model learns to follow translation instructions in
document-like contexts.

Sampling is organized by language, domain, and
text length. After sampling, we set the training-
data proportions for each target-language direction
and randomly convert a subset of texts to HTML
to support end-to-end HTML translation.
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Qingqiu-MT-9B Technical Architecture
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Figure 1: Overview of the Qingqiu-MT-9B architecture, including instruction-translation data construction, quality-

tiered two-stage SFT, and GRPO-based training.

3.1.2 Synthesis of diverse translation
instructions

For each source text, we synthesize a source-
grounded and actionable natural-language trans-
lation instruction using the text and available meta-
data. Throughout this paper, an instruction denotes
a translation task specification that governs how
the source text should be translated; it excludes
non-translation transformations such as rewriting,
polishing, and expansion. The synthesis prompt
provides a carefully designed, open-ended refer-
ence space of additional translation requirements,
summarized in Table 1.

We factorize natural-language translation in-
structions along task complexity and instruction
formulation, and further control glossary presenta-
tion when terminology constraints are present. We
dynamically compose the synthesis prompt from se-
lected additional requirements, a sampled complex-
ity setting, a surface-style specification, and associ-
ated control information, and then use an LLM to
generate a natural, coherent instruction that instan-
tiates this configuration. This mechanism controls
the corpus-level distribution of requirement types,
levels of task complexity, instruction formulations,
and glossary formats, increasing the coverage and
diversity of the resulting instruction corpus.

For terminology-oriented translation tasks,
source-language terms and their prescribed target-

language equivalents are incorporated into the
translation instruction using one of the glossary
formats in Table 1. Terminology requirements can
coexist with other translation requirements in the
same instruction.

3.1.3 High-quality translation synthesis

Once the translation instruction is fixed, a teacher
model takes the source language, target language,
translation instruction, and source text as input and
synthesizes the corresponding translation.

We filter synthetic outputs with missing fields,
source copying, non-terminating repetition, wrong-
language output or script mismatch, prompt leak-
age, or unsupported structural markup, followed by
lightweight paragraph and format normalization.

We evaluated multiple combinations of synthe-
sis prompt templates and teacher models, jointly
considering synthesis quality, generation efficiency,
and cost. Based on this comparison, we use
Gemma4-31B and the DeepSeek-V3 series as
teachers for Stage 1, and Gemini-3.5-Flash as the
teacher for Stage 2.

Stage 1 contains approximately 4 million exam-
ples. Stage 2 uses approximately 500,000 examples
selected under stricter criteria, emphasizing higher-
quality translations and task-relevant translation
instructions. The RL stage uses a separate curated
set of approximately 50,000 examples paired with
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Design dimension

Specification in the synthesis prompt

Additional translation
requirements

Task complexity

Open-ended candidate pool. register/formality; tone/emotion; translation strategy; domain
adaptation; purpose/scenario; punctuation styling; implicitation/implicitness preservation;
additional context/background; fidelity—naturalness trade-off; audience adaptation;

verbosity preference; localization/cultural rendering; and glossary/terminology constraints.

Mixture. single additional requirement (60%); multiple compatible requirements (40%; 2-5

items).

Instruction formulations

Predefined set. direct_imperative; polite_request; scenario_based; audience_first;

editor_brief; localization_memo; concise_checklist; translator_note; constraint_focused;

and comparative.

Glossary formats

Predefined set. arrow (s — t); parenthetical (s

(t)); translate_as (Translate "s"

as "t");use_for (Use "t" for "s");dict_style ({"s":"t"}); list_of pairs

(L("s™,"t")1); pipe (s

t);slash (s / t);andequals (s = t).

Table 1: Prompt-controlled design space for translation-instruction synthesis. Additional translation requirements
are drawn from an open-ended candidate pool; task complexity, instruction formulations, and glossary formats are

controlled by a predefined mixture or style set.

translations.

3.2 Model Training

Our training procedure follows a three-stage cur-
riculum comprising two quality-tiered SFT stages
followed by RL. Stage 1 favors scale and coverage
with a large, moderately filtered corpus, whereas
Stage 2 favors supervision quality with a much
smaller and more stringently curated set. This or-
dering first establishes broad translation compe-
tence and then refines it using a denser, cleaner
training signal.

3.2.1 Two-stage supervised fine-tuning

We initialize from Qwen3.5-9B (Qwen Team,
2026). Because the task is text-only, we update
all language-model parameters while freezing the
visual components. Both SFT stages use a chat
template, with prompts composed in the same way
as during final inference.

Stage 1: broad multilingual adaptation. The
first stage uses the large corpus described in Sec-
tion 3.1 to establish broad translation-direction cov-
erage, robustness across domains and text lengths,
and foundational instruction-following translation
capabilities. In addition to the 22 translation direc-
tions specified by the WMT task, we augment the
training data with reverse directions and other direc-
tions among the system’s supported languages, and
set the mixture proportions by target language. This
design promotes more general linguistic knowl-
edge and cross-lingual translation behavior. Care-
ful mixture design also reduces interference among
translation tasks and prevents data-rich directions
from crowding out others during training. Figure 2

presents the resulting mixture from two comple-
mentary views: translation-direction groups and
target-language coverage.

Stage 2: higher-quality refinement. The
Stage 2 dataset is restricted to the translation di-
rections specified by the WMT task and is selected
using stricter quality criteria. Although smaller
than Stage 1, it contains higher-quality teacher
translations and emphasizes examples involving
complex translation instructions, terminology con-
straints, and style-sensitive translation. Building
on the broad adaptation acquired in Stage 1, this
higher-quality supervision can further improve the
model’s translation quality and ability to follow
instructions on the specified WMT translation di-
rections.

3.2.2 Reinforcement Learning with GRPO

After two-stage SFT, we apply a reinforcement-
learning stage using GRPO (Shao et al., 2024) to
further improve output quality and stability. Fol-
lowing GRPO, for each prompt g, the old policy
Ta,,, samples a group of G outputs, V, = {y;}%,
(in our practice, a rollout count of G = 4 provides
the best trade-off between training efficiency and
performance). Each sampled output receives a com-
posite reward organized into LLM-based and rule-
based families: the two families estimate transla-
tion quality from different perspectives and induce
discriminative relative score gaps among the sam-
pled outputs. These gaps are normalized within
the group to form the group-relative advantages
used by GRPO, without training a separate value
model. The LLLM-based family contains a rubric-
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(a) Translation-direction groups

= en-xx 84.9%

m cs-xx 5.3%

= zh-xx 3.0%
xx-en 2.9%

XX-Xx 2.2%
xx-cs 1.2%
= xx-zh 0.5%

(b) Target-language distribution

N
/“
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be 4.5%
= zh-Hant 4.2%

mru 2.4%

is 5.7% uk 2.0%

Figure 2: Distribution of training examples in the Stage 1 SFT corpus. (a) Mutually exclusive direction groups
centered on English, Czech, and Chinese. Here, xx is a wildcard over supported languages; source-side en, cs, and
zh groups take precedence, and the remaining examples are grouped by core target language. (b) Aggregation by
target language across the 20 languages supported by the system. Percentages are computed from example counts.

guided LLLM-as-a-judge score and an error-oriented
GEMBA-ESA-style score; the rule-based family
contains length-ratio and format-verification met-
rics. The LLM-as-a-judge score is further con-
trolled by two gates for target-language correctness
and language-mixing detection. We use a DAPO-
style clipped objective (Yu et al., 2025) together
with a small KL regularizer to constrain drift from
the supervised policy.

The final scalar reward is expressed as the sum
of the two reward families:

R(y) = RLim(y) + Rrue(y),
RLLM(y) = 1.0rLLM(y) + O.57’ESA(y), (1)
Rrule(y) = 0-5Tlen(y) + 0.57 g (y)

All four component signals are normalized to [0, 1].

Contrastive LLM-based rewards. The LLM-
based family comprises two complementary con-
trastive rewards.

Rubric-guided LLM-as-a-judge scoring with dual
language gating. We call GLM-5 (GLM-5 Team,
2026) to jointly evaluate all sampled outputs in )/,
in a single request. The sampled outputs are pre-
sented under anonymized labels without generation
provenance, yielding a contrastive blind evaluation.
Under a shared rubric, the judge compares trans-
lation accuracy, terminology, compliance with the
translation instruction, fluency, style, and required

structure, and assigns sampled output y; a score
s; € [0,100]. We normalize this score and apply
two binary gates to obtain

LM (Yi) = et (Vi) Gmix (Yi) 2

8;
100°
The target-language gate giot passes only when
the output is consistent with the requested target
language, while the mixing gate gnix passes only
when no unexpected language or script mixing is
detected. Failing either gate sets r11 to zero.

This groupwise comparison directly matches
GRPO’s group-relative advantage estimation over
sampled outputs for the same prompt. One group-
wise request replaces GG independent scoring re-
quests, reducing the number of translation-quality
judge calls to 1/G of per-output evaluation. Plac-
ing the entire output group in the same judging
context also improves the stability of within-group
scores.

Error-oriented GEMBA-ESA-style scoring. Be-
cause the original GEMBA-ESA protocol (Kocmi
et al., 2024b; Freitag et al., 2024) does not con-
dition on translation instructions, we adapt it to
an instruction-aware variant for our setting. Like
the rubric-guided judge, this GEMBA-ESA-style
evaluator jointly scores all anonymized sampled
outputs in the group in a single call: along the di-
mensions of accuracy, fluency, style, terminology,
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and non-translation, it compares the sampled out-
puts and, for each one, reports error types with
their severities together with a 0—100 score. We
normalize that score to rgsa € [0, 1]. The rubric-
guided LLM-as-a-judge reward provides positive
scoring of relative translation quality, whereas the
GEMBA-ESA-style reward lowers scores from an
error-oriented perspective. The two contrastive
LLM-based rewards therefore provide complemen-
tary positive-scoring and negative-deduction sig-
nals.

Rule-based rewards. The rule-based family
comprises a length-ratio metric and a format-
verification metric.

Length-ratio metric. In practice, we find that the
length-ratio metric effectively discourages severe
omissions and additions, as well as unbounded gen-
eration. Reflecting the nature of translation, we al-
low output lengths to vary within a tolerance band
rather than forcing them to match the reference.
Let p = N(y)/N(y*) be the output-to-reference
token ratio and 6 = max(0, | log p| — |log0.7]).

We use
1

T 1+3082°
which has a broad full-score region and decays

smoothly and rapidly when the length discrepancy
becomes large.

Tlen (Y) 3)

Format-verification metric. We first classify the
source with rule-based heuristics and route it to a
type-specific check: for JSON, we verify that the
sampled output parses correctly and matches the
source’s element count; for HTML-tagged content,
we check whether the sampled output and the ref-
erence agree in newline and HTML-tag counts; for
plain text, we check agreement in newline counts.
The metric is binary: rp,, = 1 if the check passes
and 0 otherwise.

3.3 Implementation

All models are implemented in PyTorch and trained
on 16 GPUs. We train all stages with the ms-swift
framework (Zhao et al., 2025). Table 2 summarizes
the main hyperparameters for SFT and GRPO.

4 Evaluation

4.1 Evaluation Datasets

We report development results on IF-WMT25
and IFMTBench (Sun et al., 2026). IF-WMT25
is our primary development set and covers 22

Hyperparameters SFT1 SFT2 GRPO
Learning rate 2e—5 2e—6 2e—6
Batch size 384 64 128
Max sequence length 4096 4096 2048
Number of generations  — - 4
Temperature — - 1.0

Table 2: Main training hyperparameters for SFT and
GRPO.

of the WMT?26 translation directions (excluding
English—Northern Sadmi): Czech and English
sources are taken from the WMT25 blind test
(Kocmi et al., 2025), Chinese sources are sam-
pled from the same source pool described in Sec-
tion 3.1, and translation instructions are generated
with the instruction-synthesis procedure in that sec-
tion. The resulting set contains 5,239 examples,
and its instructions are English-only. IFMTBench
is an open benchmark for instruction-following MT
covering seven languages, six constraint types, and
five compositional patterns. We evaluate on its
multi-constraint subset of 2,838 examples, whose
translation instructions are multilingual and whose
language pairs are not restricted to the WMT26
inventory; we use it to assess generalization to
non-English instructions and beyond the official
language-pair inventory.

4.2 Evaluation Setup

Baselines. We compare Qingqiu-MT-9B sepa-
rately with Qwen3.5-9B (Qwen Team, 2026),
Hy-MT2-7B (Zheng et al., 2026), Gemma4-12b
(Gemma Team and Google DeepMind, 2026), and
DeepSeek-v4-flash (DeepSeek-Al, 2026).

Inference settings. For Qingqiu-MT-9B, we
reuse the training chat template, map language
codes to names, and decode in non-thinking mode
to return translation text only. Paragraphs are se-
rialized and restored with \n\n under one fixed
decoding configuration for all directions. Although
trained with English instructions only, we keep
IFMTBench’s original multilingual instructions at
evaluation. For the baselines, we decode in non-
thinking mode with the recommended sampling set-
tings from their official documentation. On IFMT-
Bench, they use the input prompts provided by the
benchmark; on IF-WMT?25, they use the same in-
put prompts as Qingqiu-MT-9B.
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Evaluation method. For each source and instruc-
tion, GLM-5 jointly scores anonymized system
outputs on five [0, 100] dimensions—accuracy, ter-
minology, format, fluency, and style—folding in-
struction following into these dimensions rather
than scoring it separately. The overall score is
the rounded weighted sum of the five scores with
weights (0.40,0.20,0.15,0.15,0.10); absolute dif-
ferences of at most 2 count as ties. We use this
method for both evaluation sets in place of the orig-
inal IFMTBench scoring. Tables report win and
lose rates (%) against each baseline, together with
Gap = Win — Lose; ties stay in the denominator
but are omitted from the display. Positive gaps are
shown in red and negative gaps in green. Direction
rows are computed over samples in that direction.

Because GLM-5 also serves as an RL judge,
reusing it for development evaluation raises the
possibility of judge-specific reward hacking. To
test the robustness of our conclusions to judge
choice, we conduct a judge ablation on [IF-WMT?25.
DeepSeek-V4-Flash-Thinking (High) and GPT-5.6-
Sol-Thinking (High) are separately used as judges
under the same instruction-aware evaluation rubric.
Table 5 compares their results with the original
GLM-5 evaluation.

4.3 Results

Tables 3 and 4 report pairwise win rates. We treat
IF-WMT?25 as the primary development evaluation
because it covers the WMT26 translation direc-
tions.

Qingqiu-MT-9B / baseline (%)

Qwen3.5-9B Hy-MT2-7B Gemma4-12b DeepSeek-v4-flash
Direction Win Lose Gap Win Lose Gap Win Lose Gap Win Lose Gap
cs—de 81.1 18.9 62.2 452 524 -71.2 44.8 48.0 232 29.9 63.8 -33.9
cs—uk 84.1 15.1 69 43.9 52.0 -8.1 534 425 10.9 29.9 63.8 -33.9
cs—vi 80.3 17.3 63 61.6 36.8 24.8 46.6 40.6 6 46.5 48.0 -1.5
en—arz 93.7 6.3 87.4 78.7 18.1 60.6 35.6 54.9 -19.3 44.9 52.8 -7.9
en—be 86.7 12.5 74.2 - - - 82.8 12.8 70 29.5 62.3 -32.8
en—cs 90.5 79 82.6 39.1 57.0 -17.9 63.5 29.4 34.1 29.4 65.1 -35.7
en—de 86.1 12.0 74.1 56.1 43.0 13.1 34.6 55.7 -21.1 41.7 51.9 -10.2
en—et 88.0 10.4 77.6 - - - 81.1 16.9 64.2 27.2 68.8 -41.6
en—hy 96.1 39 92.2 - - - 76.4 224 54 41.1 573 -16.2
en—id 80.8 15.4 65.4 44.4 55.6 -11.2 375 57.8 -20.3 48.8 439 49
en—is 94.5 5.5 89 - - - 84.1 13.5 70.6 34.9 61.9 -27
en—ja 83.5 134 70.1 39.3 55.7 -16.4 31.5 522 -20.7 29.9 55.9 -26
en—kk 89.6 10.4 79.2 83.5 15.7 67.8 58.7 37.7 21 43.2 52.0 -8.8
en—ko 86.6 11.0 75.6 44.5 48.4 -3.9 31.0 61.9 -30.9 43.2 48.0 -4.8
en—+lij 78.2 20.2 58 - - - 67.7 26.3 414 52.0 44.0 8
en—Ild 70.2 274 428 - - - 79.7 17.6 62.1 53.7 39.7 14
en—ru 72.4 13.0 59.4 51.2 32.8 18.4 337 34.1 -0.4 35.7 40.5 -4.8
en—th 94.9 5.1 89.8 58.0 35.8 222 34.6 54.6 -20 66.7 26.9 39.8
en—uk 87.2 6.4 80.8 46.8 46.0 0.8 38.6 52.6 -14 29.5 574 -27.9
en—zh 62.7 26.2 36.5 46.0 37.1 8.9 41.0 41.4 -0.4 304 472 -16.8
en—zh-Hant 61.0 30.9 30.1 48.0 354 12.6 375 47.8 -10.3 33.1 48.8 -15.7
zh—ja 85.9 9.4 76.5 50.8 359 14.9 425 372 53 45.7 40.2 5.5
Overall 83.2 13.7 69.5 524 40.8 11.6 523 383 14 38.7 524 -13.7
Table 3: IF-WMT2S5 results against each baseline (%).
Qingqiu-MT-9B / baseline (%)
Qwen3.5-9B Hy-MT2-7B Gemma4-12b DeepSeek-v4-flash
Direction Win Lose Gap Win Lose Gap Win Lose Gap Win Lose Gap
de—en 75.0 0.0 75 37.5 375 0 12.5 375 -25 25.0 25.0 0
en—de 63.6 273 36.3 54.5 455 9 18.2 72.7 -54.5 18.2 63.6 -45.4
en—ja 64.3 21.4 429 40.0 333 6.7 53.3 26.7 26.6 28.6 35.7 -7.1
en—ko 88.9 11.1 77.8 333 55.6 -22.3 55.6 222 334 222 77.8 -55.6
en—zh 43.5 34.8 8.7 42.6 31.3 11.3 30.8 29.1 1.7 23.1 41.0 -17.9
ja—en 50.0 83 41.7 16.7 333 -16.6 333 25.0 8.3 8.3 333 -25
ja—zh 65.6 6.2 59.4 56.2 14.6 41.6 50.0 14.6 354 36.5 27.1 9.4
ko—en 64.3 14.3 50 214 357 -14.3 21.4 35.7 -143 42.9 214 21.5
ko—zh 47.4 36.8 10.6 42.1 26.3 15.8 36.8 31.6 52 26.3 36.8 -10.5
zh—en 433 294 139 56.9 18.1 38.8 28.0 25.1 2.9 31.6 36.6 -5
zh—ja 84.6 154 69.2 46.2 30.8 154 30.8 46.2 -154 385 30.8 7.1
zh—ko 83.3 16.7 66.6 50.0 38.9 11.1 38.9 55.6 -16.7 444 444 0
Overall 525 26.6 25.9 459 28.5 174 319 30.8 1.1 283 38.8 -10.5

Table 4: IFMTBench multi-constraint results against each baseline (%).

On I[F-WMT?25 (Table 3), Qingqiu-MT-9B out-
performs Qwen3.5-9B on all 22 directions, Hy-

MT2-7B on 10 of 16 directions with available out-
puts, and Gemma4-12b on 11 of 22 directions,
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DeepSeek-V4-Flash-

GPT-5.6-Sol-

GLM-5 Thinking (High) Thinking (High)
Baseline Win Lose Tie Gap Win Lose Tie Gap Win Lose Tie Gap
Qwen3.5-9B 832 137 3.1 695 794 116 9.0 678 831 135 34 69.6
Hy-MT2-7B 524 408 6.8 11.6 407 369 224 38 51.0 404 8.6 10.7
Gemma4-12b 523 383 94 140 454 312 234 141 502 402 95 10.0
DeepSeek-v4-flash  38.7 524 89 -13.7 289 46.6 244 -17.7 375 521 103 -14.6

Table 5: Judge ablation on IF-WMT?25. Win, Lose, Tie, and Gap are percentages for Qingqiu-MT-9B against each
baseline; ties remain in the denominator, and Gap = Win — Lose. GLM-5 values reproduce the Overall row of

Table 3.

with higher overall win rates in each comparison.
DeepSeek-v4-flash retains a higher overall win
rate, although Qingqiu-MT-9B wins 5 of 22 di-
rections, including lower-resource pairs such as
en—th, en—lij, and en—1ld.

The judge ablation exhibits the same overall
trend across all three evaluators. Qingqiu-MT-9B
consistently shows a clear advantage over Qwen3.5-
9B and remains ahead of the similarly sized Hy-
MT?2-7B and Gemma4-12b, although the margins
and tie propensities vary by judge. DeepSeek-
v4-flash remains the strongest comparator, while
Qingqiu-MT-9B retains a competitive position. The
consistent ordering and direction of these compar-
isons indicate that the main conclusions are robust
to evaluator choice and are unlikely to be explained
by reward hacking against the GLM-5 judge.

On IFMTBench’s multilingual instructions and
out-of-inventory language pairs (Table 4), Qingqiu-
MT-9B wins all directions against Qwen3.5-9B and
achieves higher overall win rates than Hy-MT2-7B
(8 of 12 directions) and Gemma4-12b (7 of 12). It
wins 3 of 12 directions and ties 2 against DeepSeek-
v4-flash, while trailing in overall win rate. Together,
the two evaluations indicate generalization across
instruction languages and translation directions.

4.4 Qualitative Analysis

Figure 3 shows four contrastive pairs aligned
with the instruction phenomena highlighted on the
WMT26 General MT task page (formal/informal,
glossaries, structured translation, and style and ex-
pressions; two cases per type). Each prompt lists
the language pair, instruction, and source text; col-
ored spans mark the key constraint. Within a type,
the source is held fixed so that differences in the
output can be attributed to the instruction. Addi-
tional cases aligned with the design space in Table 1
appear in Appendix A.

formal / informal. For the campus dining-hall
notice, a formal official-notice instruction yields
impersonal bulletin Chinese with official-notice
obligation markers, whereas an informal group-
chat instruction produces colloquial wording for
the same closing hours and self-brought bottle rule.

glossaries. The ambiguous sentence Curry is best
when it’s hot is resolved by additional context: as a
food dish, the model translates Curry/hot as heated
curry; as NBA player Stephen Curry, it renders a
“hot streak” reading instead of food temperature.

structured translation. On the same password-
reset HTML snippet, one instruction keeps tags and
attributes such as class and href while trans-
lating only visible text; the contrastive instruction
strips markup and returns plain Chinese only.

style and expressions. For an informal product
comment with slang, character elongation, and ex-
aggerated punctuation, one instruction replicates
the non-standard emotional style while localizing
slang into Chinese (e.g., rendering tbh rather than
leaving the English token), whereas the contrastive
instruction yields a polished product-review regis-
ter.

5 Conclusion

We presented Qingqiu-MT-9B, an instruction-
aware multilingual translation model trained with
diverse synthetic supervision, quality-tiered two-
stage SFT, and GRPO combining contrastive LLM-
based and rule-based rewards. Its shared training
and inference interface targets generalization be-
yond fixed prompt templates. Development results
are encouraging on IF-WMT?25, which covers the
WMT?26 directions, and remain competitive on
IFMTBench under multilingual instructions and
non-official language pairs.
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Type Prompt Output
[English — Simplified Chinese]
Instruction: Use a formal official-notice voice (AIBEK): Ei{FHE, REEEG TSR X, #
impersonal and formulaic. Use obligation markers such as ETBETKE, BEETRYE—IRELT,
formal / 7 /¥& where natural. Do not add dates or information absent
informal from the source.
Source: Campus dining halls will close at 8 p.m. during the
exam week. Students should bring their own water bottles;
disposable cups will not be provided.
[English — Simplified Chinese]
Instruction: Use a natural informal register, as if a student is BIRXEREM ERHKTT, ARICH/AHK
casually telling classmates in a group chat. Keep it colloquial;  #F, NRE—IREMRFIE,
avoid official-notice wording.
Source: Campus dining halls will close at 8 p.m. during the
exam week. Students should bring their own water bottles;
disposable cups will not be provided.
[English — Simplified Chinese]
. Instruction: Additional context: this sentence is about the IEREIRIZ BT
glossaries i . P .
food dish curry; “hot” means served at a high temperature.
Source: Curry is best when it’s hot.
[English — Simplified Chinese]
Instruction: Additional context: this sentence is about NBA — FEEEFREMNAEIRERIF,
player Stephen Curry; “hot” means he is on a scoring streak /
shooting very well, not food temperature.
Source: Curry is best when it’s hot.
[English — Simplified Chinese]
structured | Instruction: Keep all HTML tags and attributes intact (in- <p class="alert">¥E7EEA A Z &l <a href="/re-
cluding class and href). Translate only visible text. set">EEBRIIERG</a>, </p>
translation
Source: <p class="alert">Please <a href="/reset'">reset
your password</a>before Friday.</p>
[English — Simplified Chinese]
Instruction: Remove all HTML tags and attributes. Output BERALZAIEEERNESE,
plain text only, with no ’<’ or ’>’ characters.
Source: <p class="alert">Please <a href="/reset">reset
your password</a> before Friday.</p>
[English — Simplified Chinese]
Instruction: Accurately replicate the non-standard emotional —WSRIEXFH ERVE BB E I FARIS Bt R
style and style: keep character elongation (e.g. sooooo) and expressive AEXEtE ! | | RB? ? 28R
K punctuation (! / ??7?). Translate internet slang into natural
€XPressions | Chinese equivalents; do not leave English slang tokens.
Source: tbh this phone is sooooo good lol battery lasts for-
ever!!! charging??? instant
[English — Simplified Chinese]
Instruction: Use a standard, polished product-review register. HELE, IRFVNEELE, BihSmikEES,
Normalize slang and elongation; conventional punctuation only. FEEBIEEHIEFE R,
Source: tbh this phone is sooooo good lol battery lasts for-
ever!!l charging??? instant

Figure 3: Four contrastive instruction-following pairs (two cases per type): formal/informal, glossaries, structured
translation, and style and expressions. Within each type, the source is held fixed while the instruction changes.

Colored text highlights the key constraint.
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A Additional Qualitative Cases

Figures 4-6 present additional instruction-following examples aligned with the requirement types in
Table 1. As in Figure 3, each prompt lists the language pair, instruction, and source text; colored spans
mark key constraints. Within a type, multiple contrastive cases are separated by dashed rules. HTML

structure cases appear in Figure 3; the appendix adds JSON format control.

Type Prompt Output
[English — Simplified Chinese]
Instruction: Render this informal complaint in a polished, BRBZNERSENEHTER ? REKFERT
Register / professional customer-service register (non-vulgar) as natural Virgin E’Jﬂﬁg/\ﬁiy fﬂgﬁ 40 ﬁ@%ﬂ’]%ﬁﬁ'—ﬁgﬁﬁ
K Simplified Chinese. FIMERETEERT, BRESXREKNET. 1%@;3;55
formality Source: what broadband do i get? ive had virgin for 8 years SRENBNERABUSTIRSHN ? T2, &
and holy shit is it slow for 40 quid monthly. Is it the old router R HEEEH N BT S EMELBGER ?
or do i just switch to a cheaper bt or whatever
[English — Simplified Chinese]
Instruction: Preserve the informal, conversational, slightly HizhWAEET ? AT8&EVirginT, BEISAE, —
rude register of this complaint in natural Simplified Chinese MEURFR40E., REHBAZSNOE, TRHEERE
(no need to sanitize slang). BRREEEMBTZER ?
Source: what broadband do i get? ive had virgin for 8 years
and holy shit is it slow for 40 quid monthly. Is it the old router
or do i just switch to a cheaper bt or whatever
[English — Simplified Chinese]
Instruction: Translate as a warm airline customer-service no- HFXRSEREE, AFI23MMIEEUH. FATRFTK
tice with empathy and a brief sincere apology. Keep it concise: 2, BRRMEBEINIEBAMNE, BRI
Tone / roughly the same information density as the source, without 8], EFEREX R BB D,
emotion long boilerplate closings.
Source: Flight AF123 is cancelled due to weather. You will
be refunded within 7 days. Call the help center if you have
questions.
[English — Simplified Chinese]
Instruction: Translate as a cold, purely informational system Ai¥IAF123EAXSREEREGHE, FUUEE7HAIR
notice with no apology, no empathy markers, and no softening %, S1EEERE], FEHKRRFBEIFD,
language.
Source: Flight AF123 is cancelled due to weather. You will
be refunded within 7 days. Call the help center if you have
questions.
[English — Simplified Chinese]
Translation | Ipstruction: 1L 18 101() REMSHOAESNS, HTHSHEARS RREAORETLEN
ENHERIEH I T FRE 401(k), ANEREEIKFRRERKRENEES.
strategy Source: For many Americans, a 401(k) is the main way to
save for retirement.
[English — Simplified Chinese]
Instruction: Use a foreignization strategy. Keep '401(k)’ WFHFBEEAKG, 401(KNEEEFENEES
visible as a U.S.-specific retirement savings plan; do not replace o
it with a localized Chinese product name.
Source: For many Americans, a 401(k) is the main way to
save for retirement.
[English — Simplified Chinese]
Instruction: Translate for financial regulators into precise WARELEIER W ESR W EZ BIEEER,
Domain Simplified Chinese regulatory jargon; keep the formal technical
adaptation | nature with no simplification.
Source: It is necessary to prevent regulatory arbitrage be-
tween the non-trading book and the trading book.
[English — Simplified Chinese]
Instruction: Preserve the expressive punctuation from the R ﬁzﬂ]/‘?‘ ZhAFMRBEARER
Punctuation | Source; do not normalize it to ordinary single punctuation WISTEE? ? | HENXZREERT R
) marks. g1
styling Source: You're saying... we’ll win the championship again
after a five-year slump???!!! And then win it for six years
straight after that!!!

Figure 4: Additional cases (part 1): register/formality (professional vs. colloquial contrast), tone/emotion, translation
strategy, domain adaptation, and punctuation styling.
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Type Prompt Output

[English — Simplified Chinese]

Instruction: Prioritize naturalness: render “double-edged Al I VIRIEFRMS, Fi
Fidelity— sword” as a natural abstract Chinese expression of pros and

naturalness | cons, not a sword metaphor.

W

Source: Al programming is a double-edged sword for junior

programmers.
[English — Simplified Chinese]
Instruction: Prioritize fidelity: keep the “double-edged AIZRIEN FHRIZ T SR Z — W ) &,

sword” metaphor in Chinese, rather than replacing it with a

purely abstract paraphrase.

Source: Al programming is a double-edged sword for junior

programmers.

[English — Simplified Chinese]

Instruction: Localize for a mainland Chinese social-media U\%Eé&%ﬁi—'&iﬂﬁ*ﬁ%%, MRBELIRH, BN

audience. Adapt the idiom ’Give yourself a pat on the back’ RIWXEBRILEED, BERRFESE ! KNT !
Cultural into a natural Chinese expression (do not translate word-for-

localization | word as ¥i&). Keep the high-energy fan tone.

Source: Give yourself a pat on the back if you believed and
trusted Tom from the start to the end without any unsureness
and never lost hope in the series! Props to you!

[English — Simplified Chinese]

Instruction: Retain the British cultural reference 'Sky Q FRUAFR45# 5 T4 Sky Q Mini Box, &RIBAR
Mini Box’ as-is (do not replace with a Chinese brand). Render BEF, HIFFH=ZARABRAAR L], ER4L
final ’lol’ as a resigned Chinese expression of dry amusement. 7o

Source: So I got a Sky Q Mini Box for upstairs. It doesn’t

work. T have to wait until late March for an engineer. lol

[English — Simplified Chinese]

Instruction: /\$45: ASEEMIEINES, AEEW ‘M EVFREEY, BeMEEY. HFEERIREY,
/K" “REER" “ZEMW . BAFME[STRESNES.

Source: Through photosynthesis, plants produce their own

food using sunlight. Chlorophyll inside the leaves captures

light energy and helps convert water and carbon dioxide into

sugar and oxygen.

[English — Simplified Chinese]
Instruction: MEAMFEWIEE, FERAMEEASDX; wAFE EMBIALSERNBMAAGEESINTS. HA

Audience

adaptation

A: ASFER. MEHE. ZJ k. FREYIT R RIEIRERE, HEEKI S0
Source: Through photosynthesis, plants produce their own VoL i

food using sunlight. Chlorophyll inside the leaves captures
light energy and helps convert water and carbon dioxide into
sugar and oxygen.

[English — Simplified Chinese]

Instruction: Apply glossary strictly: Cloud Native— 7= Ui Efﬁﬁuﬁ@ﬂiﬂﬁ SRR, MEN AFBEIEENRS
[F41{t; Load Balancer—iE7 % 2§; Container—[REDHE; i, MASKREDEFRBLREHBEENES

Glossary / | Endpoint—fREfsS; Traffic—#IEHR; Secure Protocol—Eff "‘*E
terminology BE.

Source: In a Cloud Native architecture, the Load Balancer

routes the Traffic to each Container using a Secure Protocol

via the designated Endpoint.

[English — Simplified Chinese]

Instruction: Apply glossary strictly: Cloud Native— T[R4 ETEEREMP, nESEREtiEEnRs, &
Load Balancer— f1#139%78%; Container— & 2§; Endpoint—ifis; Fﬁﬁﬁ’rﬂ}iﬂ%ﬁfiﬁ’lﬁaﬂﬁ/\g

Traffic—ifi&; Secure Protocol—&21HiX.

Source: In a Cloud Native architecture, the Load Balancer

routes the Traffic to each Container using a Secure Protocol

via the designated Endpoint.

Figure 5: Additional cases (part 2): fidelity—naturalness trade-off, cultural localization, audience adaptation, and
glossary/terminology.
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Type

Prompt

Output

Purpose /

scenario

[English — Simplified Chinese]

Instruction: Scenario: two coworkers chatting privately after
an all-hands. Translate as natural, slightly cynical workplace
slang in Simplified Chinese.

Source: We are currently implementing a strategic organiza-
tional restructuring to streamline operations and empower our
remaining workforce with more dynamic and expansive roles.

[English — Simplified Chinese]

Instruction: Scenario: external corporate PR release. Trans-
late into polished, formal Simplified Chinese business language
suitable for public statement.

Source: We are currently implementing a strategic organiza-
tional restructuring to streamline operations and empower our
remaining workforce with more dynamic and expansive roles.

“QEMEEER CHESIHANSMIEE , X5
BEMRRIE, AR THRINKE 9E . B
TTz' WERE, 7

HA VB FIEESM— NS AR EE, BEMIL
BERE, ANNBRIETFERENEEZN

%,

Implicitness

preservation

[English — Simplified Chinese]

Instruction: Preserve informal register in natural Simplified
Chinese. Translate all English slang including ’imo’ and ’kinda
neat’ into casual Chinese equivalents. Do NOT leave English
words/phrases in the output, and do NOT add explanatory
glosses or parenthetical definitions.

Source: I'm not a trans man, but I am interested in knowing
someone’s perspectives who lived both as a woman and as a
man (not a lot of people get to experience what it is like to be
perceived as both genders) so thats kinda neat imo

[Japanese — English]

Instruction: Translate this Japanese dialogue into English
subtitles. Keep honorific suffixes (-san, -kun, senpai) untrans-
lated in the English.

Source: fclTU: T8, ChIZEHEDFIICKIRRBATY
M2, WOTHE: "ENSE2ENEE2TBUrhA, DEEL
TELK 1EIFULE, .

BAZBMRBY, EREFSTLRUTESH
XUBHESHEFINARELBR (RSB
RIS I R R AT R EMERIFIRRGE ) , FTAFL
R E B,

Takeshi: ”Senpai, is this really okay as it is?”
Yuko Senpai: "I’ve been saying that since

a while ago, haven’t I? You’re worrying too
much, Takeshi-kun.”

Verbosity

preference

[English — Simplified Chinese]

Instruction: Translate into extremely concise, telegraphic
Simplified Chinese suitable for a match ticker. No complete-
sentence padding.

Source: Most junior black belts are around 14-18 years of age
and have been practising jujitsu for more than 6 or 7 years.

[English — Simplified Chinese]

Instruction: Translate into complete, smoothly flowing Sim-

plified Chinese sentences; you may mildly expand for readabil-
ity but must not add new facts.

Source: Most junior black belts are around 14-18 years of age
and have been practising jujitsu for more than 6 or 7 years.

SRBREELVEFN14-18%, SJERA6-7TEMU L,

AREBVEREZROFIE 1420185 28], 43
FAMNEEZBE T6TE,

Additional

context

[English — Simplified Chinese]
Instruction: Additional context: a baseball radio commenta-
tor describing the previous play.

Source: The pitch was perfect, and nobody saw it coming.

[English — Simplified Chinese]

Instruction: Additional context: colleagues debriefing after a
startup sales presentation.

Source: The pitch was perfect, and nobody saw it coming.

XHIGSHETR, TR/AHE !

BRERERR, REHTARHEN,

Structure /

format

[English — Simplified Chinese]

Instruction: Translate JSON string values into Simplified
Chinese; keep all keys in English; valid JSON only.

Source: {"title":"Freshman Welcome Week","activity":"
Dormitory Tour","location":"Zijing Apartment Building 2,
Room 524A","detail":"New students can visit a sample dorm

room and meet peer mentors.","status":"open"}

[English — Simplified Chinese]

Instruction: Translate both JSON keys and values into Sim-
plified Chinese; do not leave English keys; valid JSON only.
Source: {"title":"Freshman Welcome Week","activity":"
Dormitory Tour","location":"Zijing Apartment Building 2,
Room 524A","detail":"New students can visit a sample dorm

room and meet peer mentors.","status":"open"}

{"title":"FEWDAE", "activity:"BESM","
location":"&HI A E2S#524A", "detail "L
PIUASMHEHIRE S HERFZKFE, ", status""F
Eg"}

(iR R, EE R E S, R
AINE2SE524A" " F 15" LRI ASMHIREH
FERFRFE, RS F

Figure 6: Additional cases (part 3): purpose/scenario, implicitness preservation, verbosity preference, additional
context, and structure/format (JSON).
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