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Abstract
This paper describes Jiutian-MT-8B, our sub-
mission to the WMT 2026 Chinese–Southeast
Asian Multilingual Machine Translation shared
task. The system adapts the 8-billion-parameter
Jiutian-8B-Instruct checkpoint to fourteen
translation directions between Chinese and
Thai, Vietnamese, Lao, Burmese, Khmer, In-
donesian, and Malay. We formulate translation
as a tightly controlled instruction-following
task and use a four-stage full-parameter train-
ing recipe: (i) supervised multilingual adapta-
tion on released parallel data, (ii) faithfulness-
first confidence-gated multi-pair preference
alignment (F2MTA), (iii) direction-coupled,
evidence-filtered self-training from task mono-
lingual data, and (iv) a final clean-data cal-
ibration stage. The preference stage uses a
partial order: a candidate must gain source
adequacy without materially sacrificing target
fluency, rather than merely win a scalarized
quality score. The recipe directly updates all
Jiutian-8B parameters with sharded bf16 train-
ing while retaining authentic data anchors to
limit synthetic-data drift. We evaluate the sub-
mitted system on the WMT26 test set and ob-
tain a macro-average of 35.34 sacreBLEU and
82.68 COMET across fourteen directions.

1 Introduction

The WMT 2026 Chinese–Southeast Asian multi-
lingual MT task evaluates efficient, bidirectional
translation between Chinese and seven Southeast
Asian languages: Thai (TH), Vietnamese (VI), Lao
(LO), Burmese (MY), Khmer (KM), Indonesian (ID),
and Malay (MS) (WMT 2026 Chinese–Southeast
Asian Task Organizers, 2026). It explicitly values
both translation quality and throughput, and limits
submitted systems to 20B total parameters. These
conditions make multilingual adaptation of a com-
pact instruction model an appealing alternative to
training a separate model for every direction.

We build Jiutian-MT-8B on Jiutian-8B-Instruct,
introduced by Hao et al. (2025). Although that

work targets mathematical reasoning, its multi-
stage optimization perspective is useful here: dif-
ferent data sources serve different objectives and
should not be mixed indiscriminately. Our adap-
tation is deliberately translation-specific. It does
not use chain-of-thought or reinforcement learning;
instead, it progressively moves from clean parallel
supervision to filtered monolingual augmentation
and back to clean, reference-style translation exam-
ples.

Our design has three goals: (1) one model cov-
ers all fourteen directions; (2) its decoder produces
only the requested translation, not explanations or
chat markup; (3) monolingual augmentation helps
without allowing noisy synthetic examples to domi-
nate genuine bitext. The contributions of this paper
are:

• a direction-explicit multilingual instruction
format for adapting Jiutian-8B to Chinese–
Southeast Asian translation;

• a full-parameter four-stage training recipe that
combines parallel data, preference alignment,
and task-provided monolingual text;

• F2MTA, a confidence-gated, faithfulness-first
partial-order multi-pair objective that exposes
partial omissions without rewarding merely
fluent targets;

• a macro-averaged test-set evaluation over all
fourteen directions using sacreBLEU and
COMET under the shared-task evaluation pro-
tocol.

2 Related Work

Back-translation converts target-language mono-
lingual data into synthetic parallel examples and
is a standard way to exploit sparse bitext (Sen-
nrich et al., 2016). We use its basic idea but fil-
ter pseudo-pairs through bidirectional agreement
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before adding them to training. This avoids de-
pending on unfiltered model outputs in the lowest-
resource directions.

Large language models can be adapted to trans-
lation through controlled instruction templates, but
their conversational prior makes target-only decod-
ing essential. ALMA shows that staged language-
model adaptation can substantially improve LLM
translation (Xu et al., 2024a). Contrastive pref-
erence optimization (CPO) uses preferences to
move beyond pure reference-based SFT (Xu et al.,
2024b). More recently, M2PO identifies a fail-
ure mode of QE-driven preference data—fluent
but partial translations—and uses separate fidelity
and fluency signals together with multiple ranked
pairs (Wang et al., 2026). We incorporate these two
principles in F2MTA while using a confidence-
gated partial order: fidelity determines whether a
preference constraint is admissible, rather than be-
ing traded off blindly against fluency in a single
scalar ranking. The same bidirectional evidence
is then reused to filter pseudo-bitext. We use full-
parameter, rather than adapter-only, optimization.
Finally, Hao et al. (2025) demonstrate a multi-stage
curriculum for specializing an 8B model; we adapt
that high-level idea to MT data quality and direc-
tionality rather than mathematical reasoning.

3 Proposed Framework

3.1 Task Formulation and Translation
Interface

Our backbone is Jiutian-8B-Instruct (Hao et al.,
2025). Each parallel example is turned into one
instruction-response instance:

Translate the following text from
<SOURCE_LANG> to <TARGET_LANG>. Return
only the translation.
Source: <SOURCE_TEXT>
Translation:

Language names are written in English in the
prompt and are accompanied by ISO codes in an in-
ternal direction field. We use one canonical prompt
at training and inference time; prompt variants are
not treated as extra data. The target is the reference
sentence only. This simple contract separates trans-
lation from explanation, transliteration, and lan-
guage identification, three common failure modes
of chat-tuned models.

At decoding time, we use deterministic beam
search with a fixed prompt, temperature 0, and no
sampling.

3.2 Four-Stage Full-Parameter Adaptation

Stage 1: clean bidirectional supervised warm-
up. We first update all Jiutian-8B parameters on
the cleaned authentic parallel corpus in both di-
rections. This stage establishes strict source/target
control before synthetic data or preference signals
are introduced. Each language-direction example
is assigned a sampling weight

p(d, k) ∝ (nd,k + ϵ)α, (1)

where d is a direction, k is a domain, nd,k is its
retained number of examples, ϵ > 0 prevents zero
mass, and α smooths imbalances caused by filter-
ing. The smoothing and per-domain cap are fixed
for all stages. All directions share one model and
one optimizer, but are balanced at the minibatch
level. A frozen copy of this stage-1 checkpoint,
πref , is retained as the reference policy for the pref-
erence stage.

Stage 2: Faithfulness-First Multi-Pair Transla-
tion Alignment (F2MTA). Pure SFT treats the
human reference as the only learning signal even
when the model produces several plausible but im-
perfect alternatives. Following CPO (Xu et al.,
2024b) and M2PO (Wang et al., 2026), we gen-
erate a candidate list Y(x) = {y, ŷ1, . . . , ŷK} for
each authentic source x, where y is the human refer-
ence. Candidates are produced by diverse decoding
from the frozen stage-1 checkpoint πref .

The central design choice in F2MTA is to avoid
a fixed weighted sum of faithfulness and fluency.
Such a sum can rank a fluent omission above a less
polished but complete translation. For every can-
didate yi, we compute a source-adequacy score ai,
a bidirectional-consistency score bi, and a target-
fluency score gi. The first is produced by a source-
conditioned quality estimator; the second compares
a reverse translation of yi with x; and the third com-
bines target-language identity, normalized target-
side likelihood, and well-formedness checks. All
scorers are frozen before stage 2 and their thresh-
olds are fixed before stage 2. We define faithfulness
conservatively as fi = min(ai, bi): a candidate is
not treated as adequate when either direct source
evidence or reverse evidence is weak.

F2MTA then constructs a confidence-gated par-
tial order rather than a total ranking. Let vi ∈
{0, 1} denote a hard language, script, and length-
validity gate. We retain a preference pair only when
the preferred candidate has a meaningful faithful-
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ness advantage and does not incur a material flu-
ency loss:

P(x) =
{
(i, j) : vi = 1, fi − fj ≥ δF ,

gi ≥ gj − δG
}
.

(2)

The two margins δF and δG suppress near ties and
make the asymmetry explicit: fidelity creates a con-
straint, whereas fluency prevents the model from
learning visibly degraded targets. The human refer-
ence remains in every candidate set and is addition-
ally protected by the SFT anchor below.

Instead of retaining one best–worst comparison,
F2MTA uses all admissible pairs in P(x). Their
weights wij increase with the clipped faithfulness
margin, so clear omissions receive more empha-
sis than arbitrary micro-rankings. The reference-
anchored preference and SFT objectives are jointly
optimized as

∆ij = log πθ(yi|x)− log πθ(yj |x)
− log πref(yi|x) + log πref(yj |x),

Lstage2(x) = −
∑

(i,j)∈P(x)

wij log σ(β∆ij)

+ λsftLNLL(x, y).
(3)

This gives partially incomplete outputs a clear neg-
ative role without forcing the model to imitate any
one noisy candidate ordering.

Stage 3: filtered bidirectional self-training.
Stage 3 reuses the evidence decomposition from
F2MTA rather than treating all generated bitext
as equally reliable. For every monolingual sen-
tence y in a Southeast Asian language, the stage-
2 reverse model generates a Chinese candidate x̂
and then reconstructs y from x̂. The pseudo-pair
(x̂, y) is considered jointly for Chinese→SEA and
SEA→Chinese training, but is retained only when
it passes both a format gate and an evidence gate:

1. output-script and language checks agree with
the requested target;

2. normalized source and generated text are
nonempty and satisfy the same length-ratio
rule as authentic bitext;

3. direct adequacy and reconstructed-source con-
sistency both exceed per-direction calibrated
thresholds; and

4. target fluency is acceptable in both orienta-
tions of the pair.

Track Directions

ZH → SEA ZH→TH, ZH→VI, ZH→LO, ZH→MY, ZH→KM,
ZH→ID, ZH→MS

SEA → ZH TH→ZH, VI→ZH, LO→ZH, MY→ZH, KM→ZH,
ID→ZH, MS→ZH

Table 1: The fourteen directions covered by Jiutian-MT-
8B. SEA denotes the seven Southeast Asian languages
in the WMT26 task.

This direction-coupled acceptance rule is impor-
tant for the shared task: it prevents an easy-to-
generate Chinese side from licensing a pseudo-pair
whose Southeast Asian realization is incomplete or
in the wrong script. The model is then continued
on a mixture of authentic and retained synthetic
examples, with a cap that keeps authentic bitext
dominant.

Stage 4: clean-data calibration. Finally, we
train for a short pass on authentic parallel data
only, preserving the same direction and domain
mixture as stage 1. This stage reduces overfitting to
the style or occasional artifacts of synthetic trans-
lations. Early stopping is based on the mean of
direction-level validation quality scores; a check-
point that regresses on any language by more than a
preset margin is not selected without manual error
analysis.

3.3 Full-Parameter Optimization

All Jiutian-8B parameters are trainable in every
stage. We use bf16 arithmetic, activation check-
pointing, and FSDP parameter/gradient/optimizer-
state sharding to make full-parameter training feasi-
ble without changing the submitted 8B architecture.
The SFT anchor in stage 2 and clean-data calibra-
tion in stage 4 limit preference- and synthetic-data
drift while every parameter remains trainable.

4 Experiments

4.1 Task, Data, and Evaluation Setting

The shared task contains Chinese→Southeast
Asian and Southeast Asian→Chinese translation
tracks. We train one model for all directions and
encode the source and target language in every
training prompt. Table 1 lists the covered direc-
tions.

We use the task training and validation resources
released by the organizers. The task description re-
ports 20K manually aligned parallel training pairs
per Southeast Asian language (140K total), 100K
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1. Clean SFT
Data: authentic bitext
balanced multilingual
warm-up

2. F2MTA alignment
Data: bitext + candidates
faithfulness-gated pairs

3. Coupled self-training
Data: SEA monolingual
text
gated bidirectional pseudo-
bitext

4. Calibration
Data: authentic bitext
select the final checkpoint

Frozen evidence, shared by stages 2–3:
source adequacy a • reverse consistency b • target fluency g

Figure 1: Training structure of Jiutian-MT-8B. The single left-to-right path is the optimization sequence. Each stage
states its own input, while the one module below the path is shared only by F2MTA and coupled self-training.

Resource Released scope and use

Parallel training 20K pairs per language (140K total);
authentic signal for stages 1–4.

Monolingual
training

100K sentences per language (700K total);
stage-3 pseudo-bitext construction.

Validation 2K examples per language (14K total).
Test set 27,966 segments; final evaluation set.

Table 2: Released data scope.

Metric Macro average

sacreBLEU 35.34
COMET 82.68

Table 3: Macro-averaged test-set results across all four-
teen Chinese–Southeast Asian translation directions.
COMET is scaled to 0–100; all directions receive equal
weight.

domain-matched monolingual sentences per lan-
guage (700K total), and 2K validation examples
per language (14K total) (WMT 2026 Chinese–
Southeast Asian Task Organizers, 2026). The cor-
pus spans general, news, health-care, finance, and
other practical domains.

Before training, we normalize Unicode to NFC,
remove control characters, canonicalize whites-
pace, and retain the original script. We remove
pairs that are empty after normalization, exact du-
plicates within a split, or have a length ratio above
3.0 after whitespace tokenization. We then apply
language-identity checks where a suitable identifier
supports the script, while using script checks for
Lao, Khmer, Burmese, and Thai.

4.2 Aggregate Test-Set Metrics

Test-set scores use sacreBLEU and COMET;
COMET is scaled to 0–100. Table 3 reports the
macro-averaged scores across all fourteen direc-
tions. Each direction receives equal weight in the
average.

5 Analysis

5.1 Overall Test-Set Performance

On the test set, Jiutian-MT-8B obtains a macro-
average of 35.34 sacreBLEU and 82.68 COMET
across the fourteen translation directions. The
macro average weights directions equally.

6 Limitations and Ethical Considerations

The data cover public-facing practical domains and
may contain personal names, politically sensitive
content, stereotypes, or imperfect translations. Au-
tomatic filtering cannot remove every such issue.
Synthetic data can amplify a model’s mistakes,
particularly for lower-resource scripts, which is
why we cap its mixture weight and retain a final
authentic-data stage. The system is not a certified
translator and should not be used without quali-
fied human review for medical, legal, financial, or
safety-critical decisions.

This paper is a system-description report based
on one training recipe and one test set. Automatic
metrics do not fully capture terminology consis-
tency, discourse coherence, or rare named-entity
errors, and no human evaluation is included.

7 Conclusion

We presented Jiutian-MT-8B, a full-parameter
Jiutian-8B system for fourteen Chinese–Southeast
Asian translation directions. The method combines
controlled translation prompts, multilingual SFT,
faithfulness-first multi-pair preference alignment,
and quality-filtered bidirectional self-training while
preserving authentic parallel data as the dominant
signal. On the test set, the system obtains 35.34
sacreBLEU and 82.68 COMET in macro average.
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