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Abstract

We present Lumen!, our submission to the
WMT 2026 General Machine Translation
Shared Task. We focus on instruction-
specialized translation, where systems must
produce accurate translations while satisfy-
ing fine-grained requirements on style, ter-
minology, and structured output. Lu-
men follows a four-stage pipeline.  First,
continued pre-training and supervised fine-
tuning jointly strengthen multilingual trans-
lation competence and the ability to fol-
low translation-specific instructions, such
as terminology, style, and format con-
straints. Second, we extend the originally
offline M?PO preference-optimization frame-
work into an online preference-optimization
stage: the current policy samples candidate
translations, an LLLM judge assigns continu-
ous direct-assessment scores, and the result-
ing multi-pair preferences are used to up-
date the model. Third, on-policy distilla-
tion transfers stronger translation-instruction-
following behavior from a larger teacher
model to the Qwen3-14B student, improving
translation-instruction adherence while retain-
ing a 14B primary translation backbone. Fi-
nally, structure-aware inference and postpro-
cessing preserve required formats, while se-
lective repair addresses clear structural or de-
coding failures before submission. We partic-
ipate in 23 translation directions. Under an
absolute 1-5 LLM-judge rubric that evaluates
translation-instruction following and transla-
tion quality separately, Lumen reaches an over-
all mean score of 4.60. Despite using a
14B translation backbone, it achieves perfor-
mance comparable to leading proprietary sys-
tems in both translation quality and translation-
instruction following.

'The open-source model is available at https://
huggingface.co/ATH-MaaS/Lumen_wmt26.

1 Introduction

The Conference on Machine Translation (WMT)
continues to serve as the primary arena for bench-
marking progress in machine translation (Kocmi
et al., 2024, 2025). For years the field was dom-
inated by the Transformer architecture (Vaswani
etal., 2017), whose powerful attention mechanism
set a high standard for translation quality. The
recent advent of large language models (LLMs),
however, has sparked a paradigm shift: pre-trained
on vast amounts of text, these models exhibit re-
markable abilities in understanding context, gener-
ating fluent text, and leveraging world knowledge,
making them exceptionally promising foundations
for translation systems (Hendy et al., 2023; Alves
et al., 2024). This shift is already evident at recent
WMT campaigns, where many of the strongest
general-translation submissions are now built on
LLM foundations (Wang et al., 2025; Zheng et al.,
2025; Zhang et al., 2025).

Despite the strong performance of general-
purpose LL.Ms on translation, adapting them into
high-fidelity, specialized translation systems re-
mains challenging. Existing LLM-based MT sys-
tems largely focus on generic translation qual-
ity, whereas in practical applications users of-
ten require the model to follow fine-grained in-
structions during translation: specifying a trans-
lation style (e.g., formal, colloquial, or customer-
service tone), adhering to domain-specific termi-
nology, resolving ambiguity from context, or pre-
serving the integrity of structured formats such
as JSON or rich text. General translation mod-
els struggle to satisfy such requirements reliably,
which constitutes a key gap for deploying LLM-
based MT in real-world scenarios. To bridge this
gap, we propose training and optimization meth-
ods for instruction-specialized translation that sys-
tematically improve both translation quality and
instruction-following ability.
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This paper describes Lumen, our submission
to the WMT2026 General Machine Translation
Shared Task, covering 23 translation directions
and built on the Qwen3 foundation (Yang et al.,
2025). The system consists of a four-stage
pipeline, illustrated in Figure 1. Our main contri-
butions are as follows:

e An instruction-specialized two-phase
adaptation strategy. We first run continued
pre-training (CPT) on a corpus deliberately
assembled to follow the WMT domains and
language directions, mixed with general
instruction data, which pulls the backbone
towards the evaluation distribution while
preserving its general ability. On top of this
CPT-strengthened backbone we design an
SFT recipe that mixes general translation
data with translation-specific instruction
data. A high proportion of translation data
preserves the base translation ability, while
instruction data covering the four WMT26
instruction categories (formal/informal voice,
glossaries, structured translation, and style
and expressions) enables the model to inter-
nalize instruction-following ability during
fine-tuning. The instruction data is built
cost-effectively through an LLM-assisted
synthesis pipeline.

* An online preference optimization frame-
work based on M?>PO. We extend the origi-
nally offline M?PO (Multi-Perspective Multi-
Pair Preference Optimization) (Wang et al.,
2026) into an online preference-optimization
stage, coupling on-policy sampling with an
LLM-judge (direct-assessment) reward. Un-
like an offline procedure over a fixed prefer-
ence set, this framework refreshes candidate
translations from the current policy and con-
verts their ranked scores into multi-pair super-
vision. The remaining gap in instruction com-
pliance is addressed by the subsequent OPD
stage.

* An OPD recipe for translation instruction
following. We adapt on-policy distillation
to instruction-specialized translation.  Af-
ter CPT+SFT+RL, our 14B model is strong
at translation but remains weaker at follow-
ing fine-grained translation instructions. We
therefore use an off-the-shelf, open-source
Qwen3-32B-Instruct model as teacher and

our 14B model as student, aligning token-
level distributions on trajectories sampled by
the student. This transfers the teacher’s
stronger instruction-following behavior to the
student while preserving the student’s transla-
tion specialization and its 14B primary trans-
lation backbone (Kim and Rush, 2016; Gu
et al., 2024).

* Structure-aware inference and selective re-
pair. At inference time, Lumen processes
plain text and structured inputs in a format-
aware manner, preserving markup and pro-
tected content through postprocessing. Rule-
based checks identify clear structural or de-
coding failures, for which the system applies
deterministic repair when possible and selec-
tively rewrites the remaining cases.

On the WMT?26 test sets, our 14B system attains
an overall mean of 4.60 under an absolute 1-5
LLM-judge rubric (translation-instruction follow-
ing 4.49, translation quality 4.71). Despite using
a 14B translation backbone, Lumen achieves per-
formance comparable to leading proprietary sys-
tems in both translation quality and translation-
instruction following. The remainder of this paper
is organized as follows: Section 2 describes the
four-stage system; Section 3 presents the experi-
mental setup and results; and Section 4 concludes.

2 System Description

2.1 System Overview

Lumen comprises four successive stages, as il-
lustrated in Figure 1. The first stage adapts
the Qwen3-14B foundation model through con-
tinued pre-training and supervised fine-tuning,
jointly strengthening multilingual translation and
translation-specific instruction following. The sec-
ond stage extends M?PO to online preference op-
timization, using on-policy candidates and LLM-
based direct-assessment rewards to improve trans-
lation fidelity. The third stage applies on-policy
distillation to transfer instruction-following behav-
ior from a larger frozen teacher to the translation-
specialized 14B model. The final stage performs
structure-aware decoding and targeted postcheck-
ing to preserve required formats and repair clear
decoding failures.
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Figure 1: Overall pipeline of Lumen. Stage 1 (CPT+SFT) adapts a Qwen3-14B backbone to multilingual trans-
lation and translation-specific instruction following. Stage 2 (online M?PO) uses direct-assessment rewards from
DeepSeek-V4-Pro to optimize the current policy from sampled candidates. Stage 3 (OPD) distills instruction-
following behavior from a frozen Qwen3-32B-Instruct teacher into the 14B student. Stage 4 performs structure-
aware decoding and conservative postchecking to preserve required formats and repair clear failures before sub-

mission.

2.2 CPT and SFT Adaptation

In Stage 1, we adapt the Qwen3-14B foundation
model in two consecutive full-parameter phases
(Figure 1, Stage 1). The first phase is continued
pre-training (CPT) on multilingual text covering
the task-relevant domains and 23 translation direc-
tions, supplemented with general instruction data.
This phase strengthens domain and language cov-
erage, particularly for low-resource and regional
languages that are underrepresented in general pre-
training corpora. The second phase is supervised
fine-tuning (SFT) on a mixture of parallel trans-
lation and instruction-bearing data. Both phases
update all model parameters: CPT strengthens
the multilingual translation foundation, while SFT
jointly develops translation quality and translation-
specific instruction following.

2.2.1 Training Data

CPT data. The continued-pre-training corpus
combines multilingual text from task-relevant do-
mains and all 23 translation directions with gen-
eral instruction data. The multilingual compo-
nent is constructed from monolingual text and the
source sides of parallel corpora drawn from inter-

nal resources, WMT releases, and public multilin-
gual resources such as FLORES+ (NLLB Team,
2024). We cap and stratify high-resource cor-
pora to prevent them from dominating the mix-
ture, while increasing the representation of low-
resource and regional languages.

SFT data. The SFT mixture contains four
sources: multilingual parallel data, task-specific
parallel data for the 23 WMT26 directions, gen-
eral instruction data, and translation-specific in-
struction data. Parallel translation remains the
majority of the mixture to preserve the model’s
translation competence, while the two instruction
sources provide general and translation-specific
instruction-following supervision. When reliable
references are unavailable, we supplement the par-
allel data with model-generated translations re-
tained after quality filtering, with additional syn-
thetic data used to improve the coverage of low-
resource directions.

All corpora undergo normalization, deduplica-
tion, language and script verification, and length-
based filtering. We additionally score parallel
pairs with XCOMET-XXL (Guerreiro et al., 2024),
from the COMET family of learned MT metrics
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(Rei et al., 2020), and remove low-confidence
translations before training.

Translation-specific instruction data.
Translation-specific instruction data is the
core of our instruction-following adaptation.
Each example augments a source—target pair
with natural-language constraints specifying the
requirements to be satisfied. Table 1 summarizes
the training taxonomy.

Instruction-bearing examples constitute a mi-
nority of the SFT mixture, whose main component
remains parallel translation data. The taxonomy
covers the four WMT26 instruction types: formal
or informal voice, glossary constraints, structured
translation, and style and expression requirements.
These four types provide the core translation-
instruction supervision; the domain-specific and
general-instruction categories in Table 1 serve as
auxiliary data that broaden domain coverage and
retain general instruction-following ability.

Because manual construction is costly, most
translation-specific instruction examples are pro-
duced through an LLM-assisted pipeline. We sam-
ple high-quality parallel pairs, use Qwen3.7-Max
to generate diverse constraints and adapt the corre-
sponding examples, and use the same model in a
separate judging pass to filter non-compliant sam-
ples. Diversity is controlled across instruction tem-
plates, domains, and style intensity.

2.2.2 Adaptation Parameterization

Both CPT and SFT update all model parameters
rather than using parameter-efficient adapters. For
the SFT phase, we use a learning rate of 2 x 1075,
a global batch size of 1,152 sequences, and the
AdamW optimizer (51 = 0.9, B2 = 0.999). The
resulting CPT+SFT model is used by the subse-
quent RL and OPD stages.

2.3 Preference Alignment with Online M>PO

M?PO (Multi-Perspective Multi-Pair Preference
Optimization) (Wang et al., 2026) was originally
formulated as an offline preference-optimization
method over a fixed set of ranked candidates. We
extend it to an online setting: at each update, the
current policy generates fresh candidates, an LLM
judge ranks them, and the resulting preferences are
immediately used to update the policy. This re-
tains M?>PO’s emphasis on translation fidelity and
its multi-pair supervision, while avoiding reliance
on a static preference dataset.

2.3.1 Online M2PO

For an input z, the current policy mg samples
K = 8 candidates {y1,...,ys}. Each candi-
date receives a direct-assessment (DA) score from
an LLM judge and is ranked by this score. Let
Y(1)s - - -» Y(x) denote the candidates in descend-
ing score order. M?PO constructs K /2 non-
overlapping preference pairs by coupling the two
ends of the ranked list, with P(z) = {(i, K — i +
1) : 1 < i < K/2}. Thus, K = 8 yields four
preference pairs. The M?PO loss is

EMQPO = —Ez Z 'LUij log J(ﬁéij — mij),
(4,)EP(x)
ey

where 51’]’ = Aij logmg — Aij log 7, with
Ajjlogm =logm(y) | ) —logm(y(;) | =). Here,
m;; is a margin proportional to the reward differ-
ence, w;; is a pair weighting coefficient, and e is
the frozen CPT+SFT model. Because candidates
are drawn from the current policy at every step, the
preference data evolves with the model rather than
being fixed in advance.

LLM-judge reward. We use DeepSeek-V4-
Pro’ as a direct-assessment judge (Zheng et al.,
2023; Kocmi and Federmann, 2023). For each can-
didate, the judge returns a single integer between
0 and 100 that assesses meaning preservation and
grammatical quality. When a reference translation
is available, it is included as auxiliary evidence;
otherwise, the candidate is assessed against the
source alone. We normalize the score as

_ DA(z,y)
100

where DA(z,y) denotes the judge score. The
continuous reward preserves the ordering among
intermediate-quality candidates and sets the pair
margins in Eq. 1.

2.3.2 Training Configuration

We optimize the CPT+SFT model with LoRA
adapters (Hu et al., 2022) (rank 128, o = 256) and
merge the final adapter back into the full model af-
ter training. We use a learning rate of 5 x 10~ and
the AdamW optimizer (5; = 0.9, 82 = 0.999).
Each optimization step processes 8 prompt groups
(64 sequences in total); each group consists of one
prompt and its K = 8 candidates, sampled at tem-
perature 1.0 using vLLM (Kwon et al., 2023) for

https://huggingface.co/deepseek-ai/
DeepSeek-V4-Pro
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Category Definition

Literary (novel)

Game

Medical

General-domain instruction MT
Structured output

Style

General instruction

Preserve narrative voice, dialogue, and cultural nuance.

Translate game dialogue and UI text under output constraints.
Preserve medical terminology, drug names, codes, and entities.
Follow content and formatting requirements in general-domain MT.
Preserve tags, identifiers, and parseable output structure.

Produce the translation in a specified tone or register.

Retain broad multilingual instruction-following ability.

Table 1: Instruction-bearing data used in SFT.

efficient high-throughput generation. The prefer-
ence temperature in Eq. 1 is setto 8 = 0.1.

2.4 On-Policy Distillation for Translation
Instruction Following

After CPT, SFT, and online M?PO, our Qwen3-
14B reaches strong translation quality, but resid-
ual errors remain in following fine-grained con-
straints on style, terminology, and output for-
mat. This gap is expected because the DA re-
ward used in the online M?PO stage assesses trans-
lation quality rather than instruction compliance.
We therefore adapt on-policy distillation (OPD) to
translation-instruction data. The frozen teacher
7 is the off-the-shelf open-source Qwen3-32B-
Instruct model®; the student 7y is our Qwen3-14B
model after CPT, SFT, and online M2PO. We keep
the teacher frozen and use it only as a source of
instruction-following supervision. Thus, OPD can
transfer behavior from the larger model while pre-
serving the translation-specialized 14B student as
the final inference model.

2.4.1 Distillation Objective

OPD differs from conventional sequence-level dis-
tillation over a fixed teacher-generated dataset
(Hinton et al., 2015). For each translation-
instruction input z, the current student first sam-
ples a translation y ~ 7y (- | ). The teacher then
evaluates the same trajectory and supplies token-
level distributions at each position. Let p; and ¢,
denote the student and teacher next-token distri-
butions conditioned on (x, y<;), respectively. We
minimize the reverse KL along the student trajec-

‘https://huggingface.co/Qwen/Qwen3—32B

tory:

ly|
1
Lopp = Ez Eyry(12) Wl Z KL(pt [l ¢¢) | ,

t=1

3)
Because training trajectories are generated by the
current student, the teacher supervises the distri-
bution where the student actually makes errors,
rather than only a fixed set of teacher outputs. We
use reverse KL, which encourages the student to
place probability mass on the teacher’s preferred
continuations. The two models share the Qwen3
tokenizer and vocabulary, so the token-level KL is
computed directly without vocabulary alignment.

2.4.2 Training Configuration

We fine-tune the full student model with this
reverse-KL objective, following on-policy distilla-
tion (Gu et al., 2024). We use AdamW (3 = 0.9,
B2 = 0.999), a learning rate of 1 x 1075, and
a global batch size of 256. The learning rate is
lower than that used for SFT because OPD refines
the student’s output distribution rather than teach-
ing translation from scratch. Student trajectories
are sampled at temperature 1.0, and both teacher
and student use a distillation temperature of 1.0.
For each trajectory, the frozen teacher supplies its
token-level distribution in a single forward pass.

2.5 Structure-Aware Inference and Postcheck

Stage 4 is applied after the distilled 14B model
produces a translation. It has two goals: preserve
non-linguistic structure required by the input and
prevent clear decoding failures from entering the
final submission. We decode with greedy search
using vLLM, then apply structure-aware process-
ing and a conservative postcheck. This stage is
deliberately limited to objective failures; it is not
intended as a general-purpose post-editor.
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Instr. following Quality Overall
System Avg Pass% Avg Pass% Avg Pass%
Qwen3.7-Max-Think 4.50 83.8 4.76 940 4.63 88.9
GPT-5.5 4.49 834 477 940 4.63 88.7
Gemini-3.1-Pro 4.49 83.7 4.70 91.1 4.9 87.4
Qwen3.7-Max-NoThink  4.32 784 448 853 4.40 81.8
Ours (14B) 4.49 834 4.71 92.0 4.60 87.7

Table 2: Main results on the WMT26 test set (23 official directions). For each aspect we report the mean 1-5
rubric score (Avg) and the pass rate (Pass%, percentage of outputs scoring > 4), both judged by DeepSeek-V4-Pro
(Section 3.1); Overall Avg and Pass% are the unweighted averages of the corresponding values across the two
aspects. Baseline rows are ordered by Overall Avg; our system is listed separately in the last row.

Structure-aware decoding. We first identify
whether an input is plain text, HTML, or JSON.
For HTML, we translate text nodes and desig-
nated translatable attributes; for JSON, we trans-
late string leaves. The translated fragments are
then reassembled into the original object, preserv-
ing markup, keys, and protected content such as
URLs, e-mail addresses, and numbers. Long plain-
text inputs are split at sentence-aware boundaries,
translated chunk by chunk, and concatenated.

Postcheck and repair. Each output is checked
for abnormal source-target length ratios, struc-
tural mismatches (HTML tag signatures or JSON
shape), repeated character or n-gram loops, in-
sufficient target-script coverage, and unintended
copying of the source. A failed check does not
automatically imply a translation error; it identi-
fies a small set of hypotheses for review. When
a flagged defect is mechanical and has an unam-
biguous fix, such as a missing code-fence marker,
we apply a deterministic repair. The remaining
flagged outputs are regenerated with Qwen3.5-4B-
Instruct* under the original input and structural
constraints, whereas outputs that pass all checks
are retained unchanged. This routing keeps repair
focused on degenerate or structurally invalid out-
puts and avoids unnecessary changes to otherwise
adequate translations.

3 Experiments

3.1 Experimental Setup and Evaluation

Systems and Test Sets. Our submission
combines the distilled Qwen3-14B-Base’
(CPT+SFT+RL+OPD) with the structure-aware

‘https://huggingface.co/Qwen/Qwen3.
5-4B

Shttps://huggingface.co/Qwen/
Qwen3-14B-Base

Instr. follow.  Quality
Dir. Avg Pass% Avg Pass%
cs—de 490 96.5 456  86.7
cs—uk 494  98.7 455 86.3
cs—vi 494 975 443 803
zh—ja 496 984 440 777
en—argg 492 97.1 4.66 89.7
en—zhen 497 99.7 488  96.2
en—zhrw 497 985 4.84 955
en—-cs 399  64.0 473 944
en—et 3.77 684 4.65 90.8
en—de 429 819 492 977
en—is 4.98 994 479 936
en—ja 4.99 1000 4.71 89.9
en—ko 4.93 97.6 4.82 942
en—ru 3.97 60.6 4.60 91.0
en—uk 4.93 98.5 4.69 939
en—hy 4.96 99.0 4.63 88.4
en—be 494 995 468 904
en—id 496 995 480 949
en—kk 4.98 99.5 4.62 889
en—th 497 995 479 934
en—lij 4.97 99.5 444 768
en—se 497 995 4.12 717
en—1ld 499 100.0 424  69.7
Overall 449 834 471 920

Table 3: Per-direction results of our submitted 14B sys-
tem on the 23 official WMT?26 directions. For each as-
pect we report the mean 1-5 rubric score (Avg) and the
pass rate (Pass%, percentage of outputs scoring > 4),
judged by DeepSeek-V4-Pro. Overall is the micro-
average over all official test items.

inference and postcheck stage described in
Section 2. We evaluate on the official WMT26
General MT test sets across the 23 participated
directions.

We compare against GPT-5.5, Qwen3.7-Max
(thinking mode), Gemini-3.1-Pro, and Qwen3.7-
Max (non-thinking mode), all evaluated under the
same protocol. We also report internal ablations
(Section 3.4).
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Instr. following Quality
Configuration Avg Pass% Avg Pass%
Base (14B) 1.14 0.6 1.09 1.0
+ CPT+SFT 4.08 69.5 4.23 74.8
+ Online M?PO  4.13 76.8 4.55 89.4
+ OPD 4.38 82.1 4.67 91.3

+ Postcheck 4.49 834 4.71 92.0

Table 4: Cumulative ablation on the WMT26 test set.
For each aspect we report the mean 1-5 rubric score
(Avg) and the pass rate (Pass%, percentage of outputs
scoring > 4), both judged by DeepSeek-V4-Pro (Sec-
tion 3.1).

Evaluation Protocol. Because official WMT26
human-evaluation results were not available at sub-
mission time, we use an automatic LLM-as-judge
protocol. Each output is scored independently on
an absolute 1-5 rubric along two aspects: instruc-
tion following and translation quality. We report
the mean score and the pass rate, defined as the
proportion of outputs with a score of at least 4.
For instruction following, the judge receives
only the task instruction and system output, and
evaluates target language, output-only compliance,
glossary use, register, and required structure such
as JSON, HTML, tags, or placeholders. For trans-
lation quality, it evaluates semantic accuracy and
completeness, terminology, and fluency. A refer-
ence translation, when available, is supplied only
as auxiliary evidence; the judge is instructed to as-
sess the output against the source rather than pe-
nalize legitimate differences from the reference.
Both aspects use DeepSeek-V4-Pro at temper-
ature 0. For each item, the judge returns a
brief justification and a score in the fixed form
[ [score=X]], where X € {1,...,5}. The
instruction-following evaluation set covers all 23
directions and the four official WMT?26 instruc-
tion categories: formal/informal voice, glossaries,
structured translation, and style and expressions.

3.2 Main Results

Table 2 reports every system’s instruction-
following and translation-quality scores under the
absolute 1-5 rubric of Section 3.1. Among the
four reference LLMs, Qwen3.7-Max (thinking)
and GPT-5.5 lead with essentially tied overall
means (4.63 and 4.63), followed by Gemini-3.1-
Pro (4.59); Qwen3.7-Max in non-thinking mode
trails clearly (4.40). Quality scores are uniformly
high (4.48-4.77), so the systems separate mainly

on the harder instruction-following aspect. Our
distilled 14B system attains an overall Avg of 4.60
and Overall Pass of 87.7%. Despite its 14B trans-
lation backbone, it is comparable to the leading
proprietary systems on translation-instruction fol-
lowing (Avg 4.49, Pass 83.4%, versus 4.49/83.4%
for GPT-5.5 and 4.50/83.8% for Qwen3.7-Max-
Think), while its translation quality (4.71, Pass
92.0%) surpasses Gemini-3.1-Pro.

3.3 Per-Direction Results

Table 3 breaks down our submitted system’s
scores across the 23 official directions. Instruc-
tion following is near-ceiling on the large majority
of directions (mean > 4.9 with pass rates above
97%), indicating that the instruction-specialized
pipeline transfers robustly across languages and
scripts. The clear exceptions are en—et (3.77),
en—ru (3.97), en—cs (3.99), and to a lesser extent
en—de (4.29). These directions also correspond
to the largest test sets, with more than one thou-
sand items each, and therefore contribute substan-
tially to the aggregate instruction-following score.
Translation quality is uniformly high (mostly >
4.6) and dips only on the lowest-resource new
directions—en—se (4.12), en—1ld (4.24), zh—ja
(4.40), cs—vi (4.43), and en—lij (4.44). The
two weak spots are largely disjoint: directions
with lower instruction-following scores are gener-
ally not those with the lowest translation-quality
scores. This separation suggests that the two eval-
uation aspects capture different failure modes.

3.4 Ablation Study

We conduct a cumulative ablation to quantify the
incremental effects of the training stages and final
postcheck (Table 4). Both translation-instruction
following and translation quality improve mono-
tonically across the cumulative configurations, al-
though the largest gain of each stage occurs on a
different dimension.

CPT+SFT establishes the task capability. The
unadapted Qwen3-14B model performs poorly un-
der the translation-instruction prompts (instruc-
tion following: 1.14 Avg and 0.6% Pass; transla-
tion quality: 1.09 Avg and 1.0% Pass). Adding
CPT+SFT raises instruction following to 4.08
Avg and 69.5% Pass, and translation quality to
4.23 Avg and 74.8% Pass. Relative to the base
model, this amounts to gains of 2.94 and 3.14
rubric points, respectively. This low starting point
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is expected: the base is a pre-trained Qwen3-
14B model without task-specific translation adap-
tation or translation-instruction supervision. The
result shows that WMT-aligned continued pre-
training and instruction-bearing SFT data are nec-
essary to turn this general backbone into a usable
instruction-specialized translation system.

Online M?>PO primarily improves translation
quality. On top of CPT+SFT, online preference
optimization raises translation quality from 4.23 to
4.55 Avg and from 74.8% to 89.4% Pass. The cor-
responding instruction-following change is more
modest (4.08 — 4.13 Avg; 69.5% — 76.8%
Pass). This asymmetric effect aligns with the
direct-assessment reward, which ranks candidates
by translation quality and provides the most di-
rect supervision for adequacy, completeness, and
fluency. The online extension also continually re-
freshes the candidate set from the current policy,
allowing the M?PO objective to target errors that
remain after CPT+SFT.

OPD closes the remaining instruction-following
gap. Starting from the CPT+SFT+online M?PO
model, OPD increases instruction following from
4.13 to 4.38 Avg and from 76.8% to 82.1% Pass,
while translation quality continues to improve
from 4.55 to 4.67 Avg and from 89.4% to 91.3%
Pass. Thus, the teacher’s instruction-following be-
havior transfers without sacrificing the quality im-
provements obtained in the preceding stage. The
larger teacher is used only during training; transla-
tion at inference is performed by the 14B student.

Postcheck recovers a small set of severe fail-
ures. The postcheck is applied after all train-
ing stages. It further increases instruction follow-
ing from 4.38 to 4.49 Avg and from 82.1% to
83.4% Pass, while translation quality rises from
4.67 to 4.71 Avg and from 91.3% to 92.0% Pass.
On en-zh_CN, it altered 31 of 945 hypotheses
(3.3%): 7 received deterministic fence restoration,
and 24 were selectively rewritten across two re-
view rounds. These outputs were identified by
objective structural or decoding signals, such as
malformed structure, missing lines, or degenerate
generation. Thus, the postcheck obtains its gains
by recovering a small number of high-impact fail-
ures rather than by broadly rewriting otherwise ad-
equate translations.

3.5 Analysis

The results reveal a clear division of labor across
the training stages. CPT+SFT establishes the ba-
sic ability to translate under explicit instructions,
online M?PO supplies the largest subsequent im-
provement in translation quality, and OPD con-
tributes the largest later-stage gain in instruction
following. The complementary pattern is im-
portant: optimizing only direct-assessment trans-
lation quality is insufficient to reach the final
instruction-following level, whereas distillation
improves instruction adherence without reversing
the quality gains obtained by online preference
optimization. The final postcheck contributes a
further inference-time improvement by recovering
the small tail of structurally invalid or degenerate
outputs that remain after decoding.

The per-direction results further show that in-
struction following and translation quality do not
fail on exactly the same directions. This supports
evaluating them separately rather than collapsing
them into a single automatic score. At the sys-
tem level, Lumen’s instruction-following score is
close to GPT-5.5 and Qwen3.7-Max-Think, while
its translation quality remains within the range
of the compared general-purpose systems. Taken
together, these results support the design of a
translation- specialized 14B system that combines
quality-oriented preference optimization with a
dedicated mechanism for instruction following.

4 Conclusion

We presented Lumen, our submission to the
WMT2026 General Machine Translation Shared
Task. Targeting instruction-specialized translation,
we introduced a four-stage pipeline: instruction-
specialized CPT+SFT, where continued pre-
training on a corpus following the WMT domains
and language directions (plus general instruction
data) is followed by supervised fine-tuning that
jointly builds translation and instruction-following
ability; online preference optimization with M?PO
and a direct-assessment LLM-judge reward; on-
policy distillation that transfers the instruction-
following ability of an off-the-shelf Qwen3-32B-
Instruct teacher into our efficient 14B student; and
structure-aware inference with targeted postcheck-
ing and repair for clear structural or decoding fail-
ures. Under an absolute 1-5 LLM-judge rubric
that scores instruction following and translation
quality separately, our 14B system reaches an over-
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all mean of 4.60. Despite using a 14B translation
backbone, Lumen achieves performance compara-
ble to leading proprietary systems in both transla-
tion quality and translation-instruction following,
showing that the proposed pipeline can narrow the
gap to substantially larger closed systems.
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