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Abstract

Large language models have significantly
advanced Multilingual Machine Translation
(MMT), yet scaling to many languages while
keeping quality robust across directions re-
mains challenging. In this paper, we identify
a failure mode of multilingual supervised fine-
tuning (SFT) on multi-way parallel data: when
such data are reused symmetrically around a
pivot language (e.g., English), performance
on reverse directions (X → pivot) can drop
substantially. We term this phenomenon Di-
rectional Degeneration and attribute it to ex-
cessive many-to-one mappings, which encour-
age shortcut learning. We propose Strate-
gic Downsampling (SD), a simple yet effec-
tive method to mitigate this degeneration. In
addition, we introduce Parallel Multilingual
Prompting (PMP), which augments translation
instructions with an auxiliary parallel sentence
to promote cross-lingual transfer during train-
ing and enables optional test-time enhance-
ment when auxiliary translations are available.
We further develop NiuTrans.LMT (Large-
scale Multilingual Translation, abbreviated as
LMT), a Chinese–English-centric suite of mul-
tilingual translation models spanning four sizes
(0.6B/1.7B/4B/8B) and covering 60 languages
and 234 directions. Comprehensive evaluations
show that LMT is competitive among open-
source MMT systems, and that our 4B LMT
model performs on par with or better than sub-
stantially larger baselines. We release our mod-
els and project resources to support inclusive
and scalable MMT.

NiuTrans/LMT

1 Introduction

Large language models (LLMs) have reshaped
the way we build machine translation (MT) sys-
tems. Instead of training a dedicated neural MT

* Equal contribution.
† Corresponding author.

LLM for MT #CPT #Langs Zh-
centric

Base
Model

BigTranslate (Yang et al., 2023) 90B 102 ✗ LLaMA
ALMA (Xu et al., 2024) 20B 6 ✗ LLaMA-2
TowerInstruct (Alves et al., 2024) 20B 10 ✗ LLaMA-2
Guo et al. (2024) 120G 3 ✗ LLaMA-2
X-ALMA (Xu et al., 2025) 40B 50 ✗ LLaMA-2
GemmaX2 (Cui et al., 2025) 54B 28 ✓ Gemma-2
Hunyuan-MT (Zheng et al., 2025a) - 33 ✓ Hunyuan-7B
Seed-X (Cheng et al., 2025) 200B 28 ✓ -
LMT (Ours) 90B 60 ✓ Qwen-3

Table 1: Comparison of typical LLM-based MMT mod-
els. We summarize their total number of continued
pretraining (CPT) data, supported languages, support
for Zh-centric translation, and the base models used.

model from scratch, a widely used approach is
to adapt a foundation LLM to translation through
post-training (Yang et al., 2023; Alves et al., 2024;
Xu et al., 2025; Cui et al., 2025; Luo et al., 2025;
Zheng et al., 2025b). This shift has substantially
improved translation quality and expanded the ca-
pability frontier of MT systems. However, it also
raises a key problem for multilingual MT (MMT):
how can we adapt foundation LLMs for massively
multilingual scale while maintaining robust perfor-
mance across all translation directions?

Most recent LLM-based MMT systems (repre-
sentative examples are summarized in Table 1)
follow a multi-stage training recipe. To bridge
the low-resource gap evident in foundation mod-
els (see Figure 1, top), the first stage, Continued
Pre-training (CPT), serves as the primary step to
enhance multilingual competence through large-
scale training. The second stage is supervised
fine-tuning (SFT), which aligns the model to high-
quality instruction-style translation. Since SFT
benefits most from clean and diverse supervision
(Zhou et al., 2023; Zhu et al., 2024), it is typically
built from human-translated corpora. However, for
many low-resource directions, such supervision is
limited. As a result, multi-way human-translated
corpora, such as FLORES-200 (Costa-jussà et al.,
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2022) and NTREX-128 (Federmann et al., 2022)
-like datasets, have become an important source for
scaling SFT coverage, since their multi-way struc-
ture can theoretically support any directions from a
relatively small amount of annotation.

In this work, our findings indicate that current
multi-way SFT practices fail when scaling to many
languages. When multi-way corpora are reused
symmetrically around a pivot language (e.g., En-
glish), we observe an asymmetric outcome: while
pivot → X improves as expected, the reverse X
→ pivot directions drop substantially, producing
fluent but less faithful translations. We term this
phenomenon Directional Degeneration. We ana-
lyze its cause as a data-usage issue. In multi-way
corpora, the same pivot-language sentence may re-
peatedly appear as the target for many different
sources, which increases target-side repetition and
encourages shortcut learning. To mitigate this, we
propose Strategic Downsampling (SD), a simple
data-level strategy that retains full supervision for
pivot → X directions while keeping only a small
fraction of reverse-direction instances. This change
reduces excessive many-to-one mapping and stabi-
lizes reverse-direction translation.

In addition to using multilingual supervision
properly, we also study how to elicit cross-lingual
transfer more explicitly in MMT. We introduce
Parallel Multilingual Prompting (PMP), which
augments the translation instruction with an aux-
iliary parallel sentence as in-context guidance, to
facilitate cross-lingual transfer in MMT. PMP is
applied during training, and it can be activated at
inference time as a lightweight enhancement when
auxiliary translations are available, including those
generated by the model itself.

We instantiate these ideas in NiuTrans.LMT
(abbreviated as LMT), a Chinese–English-centric
suite of Large-scale Multilingual machine
Translation models covering 60 languages and
234 translation directions, with four model sizes
(0.6B/1.7B/4B/8B). We first perform large-scale
CPT on about 90B tokens to strengthen the
multilingual base. To address the scarcity of
Chinese-centric resources (as shown in Figure 1,
bottom), we expand coverage through broad data
collection and curation. We then perform SFT,
where SD and PMP are integrated to improve
directional robustness and cross-lingual transfer.
Finally, we apply preference optimization with
GRPO (Shao et al., 2024), reusing the same
supervised pairs from SFT to further refine
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Figure 1: Top: Performance of base LLMs (orange) on
the Belebele benchmark across 108 languages, plotted
against their data ratios in the CulturaX (blue). Bottom:
Bilingual data volume (million sentence pairs) from the
OPUS corpus for 60 languages in our study, covering
English-centric (blue) and Chinese-centric (orange) di-
rections. Languages are grouped into high- , medium-,
and low-resource tiers.

translation quality. Comprehensive evaluation
shows that LMT is competitive among open-source
MMT systems with comparable language coverage.
In particular, LMT-60-4B is on par with or
better than substantially larger baselines such as
X-ALMA-13B (Xu et al., 2025), Aya-101-13B
(Üstün et al., 2024), and NLLB-54B (Costa-jussà
et al., 2022) on the overlapping directions.

In summary, our contributions are threefold:

• We identify Directional Degeneration as a fail-
ure mode in large-scale multilingual SFT with
symmetric multi-way data reuse, analyze its
cause, and propose Strategic Downsampling
as an effective data-level mitigation.

• We introduce Parallel Multilingual Prompting
(PMP), which strengthens cross-lingual trans-
fer during training and can be leveraged for
optional test-time enhancement.

• We present and release LMT, a suite of
Chinese–English-centric multilingual transla-
tion models in four sizes, providing broad lan-
guage coverage and strong performance.

2 The Pitfall of Directional Degeneration

SFT Data A common takeaway in instruction tun-
ing is that high-quality, diverse supervision mat-
ters more than sheer scale (Zhou et al., 2023).
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Figure 2: Overview of the LMT framework. The pipeline consists of three stages: Continued Pre-training (CPT)
on mixed monolingual and bilingual corpora, Supervised Fine-Tuning (SFT) enhanced by Parallel Multilingual
Prompting (PMP) and Strategic Downsampling (SD), and Group Relative Policy Optimization (GRPO) to further
refine model outputs.

However, for many low-resource languages, such
high-quality parallel data is extremely scarce, often
limited to a few multi-way benchmarks. Conse-
quently, broad-coverage corpora like the FLORES-
200 (Costa-jussà et al., 2022) and NTREX-128 (Fe-
dermann et al., 2022) have become indispensable,
as they represent the few reliable sources of clean,
human-annotated translations for these long-tail di-
rections. Following this widely used recipe, we
take Flores-200 Devset and NTREX-128 as the pri-
mary backbone to ensure broad linguistic coverage,
augment them with SMol (Caswell et al., 2025) for
additional underrepresented pairs, and further add
WMT14–23 and IWSLT17–24 test sets to increase
style and domain diversity. In total, the resulting
SFT dataset contains ≈567K high-quality parallel
pairs, allocating 3K–20K examples per direction
across 117 English- and Chinese-centric directions
spanning 60 languages.

The Phenomenon and Hypothesis We begin by
applying standard SFT to the Qwen3-4B-Base
(Yang et al., 2025a) model, utilizing parallel pairs
in both directions (En/Zh↔X) as per common prac-
tice. While this standard approach yielded expected
improvements in the En/Zh→X directions, it unex-
pectedly resulted in a significant performance drop
in the reverse X→En/Zh directions. Qualitative
analysis shows that the model falls into a state of
fluent hallucination, producing grammatically cor-
rect but factually unfaithful outputs. Table 4 shows
a representative case. We term this phenomenon Di-
rectional Degeneration. We hypothesize that this
pathology stems from a Shallow Mapping Trap.
The symmetric usage of multi-way data inherently
creates excessive many-to-one mappings, where a
single English/Chinese target is paired with dozens

of distinct source languages. This structural im-
balance incentivizes the model to learn a shortcut:
bypassing source semantics to simply overfit the
high-frequency target patterns, thereby sacrificing
faithfulness.

Experimental Design To test this hypothesis and
rule out model-specific factors, we design a sys-
tematic suite of experiments along three axes: data
usage, model, and multilingual scale. On the
data-usage axis, we (i) Break Symmetry by replac-
ing the reverse X→En/Zh portion of the multi-way
SFT data with a completely disjoint subset sam-
pled from our bilingual CPT corpus (symmetry-
breaking replacement), and (ii) perform Gradual
Symmetry Injection by training on the original
multi-way data while increasing the reverse re-
tention rate p from 0% to 100% (fully symmet-
ric). On the model axis, we repeat this protocol
on Qwen3 models ranging from 0.6B to 8B param-
eters, and further on Llama-3.1-8B (Dubey et al.,
2024) and Gemma-2-9B (Rivière et al., 2024), to
verify whether the phenomenon persists across dif-
ferent model sizes and families. On the multilin-
gual axis, we vary the number of languages in-
volved in SFT from 10 to 50 (using Qwen3-4B-
Base) to assess how the density of many-to-one
mappings influences the severity of degeneration.

Results The results visualized in Figure 3 provide
converging evidence for our hypothesis. First, the
sharp contrast between the symmetry-breaking re-
placement setting (dashed lines) and fully sym-
metric multi-way reuse (solid curves at 100%) in
Qwen3-4B-Base shows that the collapse is driven
by how the multi-way data are reused, rather than
by the intrinsic difficulty of X→En/Zh directions.
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Figure 3: Comprehensive analysis of Directional Degeneration across different dimensions. The plots illustrate the
COMET performance trend as a function of the strategic downsampling proportion (p). Dashed lines in Qwen3-4B-
Base represent the use of disjoint data for the X→En/Zh directions.

Furthermore, the gradual injection curves reveal an
“inverted-V” trajectory: performance peaks rapidly
at a low retention rate (p ≈ 5%) but suffers a severe
decline as p increases toward 100%, confirming
that excessive target repetition triggers the degener-
ation. Second, the same asymmetric pattern consis-
tently appears across all evaluated model sizes and
backbone families, indicating that directional de-
generation is a general failure mode of large-scale
multilingual SFT. Finally, the degradation becomes
more pronounced as we scale the number of lan-
guages, supporting the interpretation that stronger
many-to-one target repetition at larger multilingual
scales amplifies shortcut learning and undermines
faithfulness.

2.1 Mitigation via Strategic Downsampling

While replacing reverse-direction data with disjoint
data proves effective in our analysis, relying on ex-
ternal data sources for SFT is not always viable
in practice. We therefore seek a self-contained so-
lution that resolves the degeneration solely within
the existing multi-way SFT corpus. The Gradual
Symmetry Injection experiment suggests a simple
yet effective mitigation strategy. As shown by the
solid curves in Figure 3: while full reuse (p=100%)
leads to a clear collapse, retaining a small fraction
of reverse examples is sufficient to maintain align-
ment without triggering the collapse. Motivated
by this, we propose Strategic Downsampling (SD):
during SFT, we retain all En/Zh→X data, and for
the multi-way portion of the corpus we indepen-
dently subsample each X→En/Zh instance with
probability p, using p=5% as the default setting in
our models.

It is worth noting that recent work (Zheng et al.,
2025b) also reports this asymmetric degradation,
attributes it to the curse of multilinguality, and
addresses it with model-level interventions such
as direction-aware training and group-wise model
merging. Compared with this line of work, our
analysis supports a more specific data-usage expla-
nation, showing that symmetric reuse of multi-way
corpora induces the degradation. We further find
that a simple data-level strategy is sufficient to pre-
vent it in practice.

3 Parallel Multilingual Prompting

Recent studies have highlighted the utility of multi-
way parallel data in enhancing multilingual LLMs.
For instance, Shen et al. (2025) demonstrate that
utilizing multi-way corpora during CPT effectively
promotes cross-lingual alignment and transfer. Par-
allelly, investigations into inference-time strategies
(Mu et al., 2024; Yang et al., 2025b) indicate that
incorporating auxiliary translations into the prompt
improves performance, with Mu et al. (2024) fur-
ther identifying specific neuronal mechanisms that
support such parallel processing. Despite these
advancements in pre-training and inference, the
integration of such multi-source signals directly
into the SFT for large-scale machine translation
remains unexplored. To address this gap, we in-
troduce Parallel Multilingual Prompting (PMP), a
training strategy that incorporates auxiliary paral-
lel context into the input prompts during SFT. By
explicitly conditioning on both the source and an
auxiliary anchor, PMP enables more direct cross-
lingual transfer.
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Continued Pre-training Prompt

Standard Translation Prompt (STP)

Parallel Multilingual Prompt (PMP) 

<en2ky> Fellow wrestlers also paid tribute to Luna. 
<ky> Балбандар да Лунага сый көрсөтүштү.

Translate this from English to Kirghiz:
English: Fellow wrestlers also paid tribute to Luna.
Kirghiz: Балбандар да Лунага сый көрсөтүштү.

Translate this from English to Russian and Kirghiz:
English: Fellow wrestlers also paid tribute to Luna.
Russian: Борцы тоже почтили Луну.
Kirghiz: Балбандар да Лунага сый көрсөтүштү.

Figure 4: Examples of the three prompt formats for
the CPT and SFT stages of LMT adaptation. The
underlined text indicates the part used for loss computa-
tion during training.

Formulation Let S be a source sentence in lan-
guage LS and T the target in LT . Under a standard
translation prompt (STP), the model is trained to
model Pθ(T | S; τLS→LT

), where τLS→LT
denotes

the translation direction. PMP augments the input
with an auxiliary sentence A in an auxiliary lan-
guage LA, which is itself a translation of S, and
instead models Pθ(T | S,A; τLS→LA→LT

), so that
(S,A) provide two parallel views of the same se-
mantic content. Here, the auxiliary context A acts
as a semantic anchor that aids the model in inter-
preting the source S and guiding the generation of
the target T . Figure 4 compares these two prompt-
ing strategies.

Auxiliary Language Selection To select the most
effective auxiliary language, our strategy consid-
ers two primary factors: linguistic affinity and
model proficiency. Intuitively, an anchor is most
beneficial when it shares close linguistic ties with
the specific language being supported while being
well-mastered by the model. Following this ratio-
nale: For En ↔ X, we look for a high-proficiency
neighbor: we select a language that shares close
typological ties with X (e.g., via script, phylogeny,
or contact) and on which the model demonstrates
robust competence. For Zh↔X, we use English
(LA=En), which the model typically handles most
reliably and thus provides a stable semantic an-
chor. This choice also facilitates test-time PMP,
since self-generating an English anchor is typically
easier and more robust than generating anchors in

other languages. Detailed mapping information are
provided in Appendix Table 12.

Training and Inference We integrate PMP into
SFT by probabilistically mixing PMP samples with
standard STP samples. This explicitly trains the
model to exploit auxiliary parallel context while
preserving performance under STP. At inference,
the model translates using the standard STP prompt
by default. When an auxiliary sentence A is pro-
vided (e.g., from a high-quality external MT system
or self-generated), we can use the PMP prompt to
activate the learned behavior, which can yield addi-
tional improvements in translation quality.

4 The LMT Framework

LMT is a suite of Chinese–English-centric MMT
models scaled across four distinct sizes (0.6B, 1.7B,
4B, and 8B). The suite covers 60 languages span-
ning diverse families and scripts, supporting a total
of 234 translation directions (including English
↔ 59 languages and Chinese ↔ 58 languages).
The complete language list is available in the Ap-
pendix. Guided by our preliminary comparison in
Figure 1 (top), which shows that Qwen3 offers a
more comprehensive multilingual capability than
contemporary open models with similar scale, we
adopt Qwen3 as the backbone for all LMT variants.

4.1 Adaptation Pipeline
We adapt the base models to the MMT task through
a three-stage pipeline, applied consistently across
all four model scales to produce the LMT-60 suite:

• Stage 1: Continued Pre-training (CPT). We
first train the Qwen3 base models on a large-scale
mixture of monolingual and parallel corpora to
strengthen the model’s broad multilingual and
translation knowledge.

• Stage 2: Supervised Fine-tuning (SFT). We
instruction-tune the model on the curated STF
data (Section 2). During SFT, we apply SD to the
multi-way portion to prevent directional degener-
ation, and incorporate PMP to train the model to
leverage auxiliary parallel context.

• Stage 3: Preference Optimization (PO). We
further refine the model with GRPO, reusing the
SFT prompts to sample candidate translations
and scoring them with COMET-22 as a reference-
based reward. This setup improves quality with-
out introducing extra preference data.
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Model
High Resource Medium Resource Low Resource

En→X Zh→X X→En X→Zh En→X Zh→X X→En X→Zh En→X Zh→X X→En X→Zh
Qwen3-4B-Base 84.63 80.77 85.87 85.44 79.68 76.21 86.09 84.55 56.81 53.33 75.36 75.35

SFT 87.72+3.09 85.11+4.34 83.82−2.05 73.60−11.84 86.71+7.03 83.58+7.37 80.00−6.09 72.18−12.37 77.51+20.70 73.68+20.35 73.78−1.58 67.94−7.41

+ SD 87.80+0.08 85.32+0.21 87.49+3.67 86.55+12.95 86.72+0.01 83.67+0.09 87.67+7.67 85.87+13.69 78.68+1.17 75.15+1.47 80.72+6.94 79.13+11.19

+ CPT 89.03+1.23 86.72+1.40 87.97+0.48 87.39+0.84 89.77+3.05 86.96+3.29 88.56+0.89 87.06+1.19 87.14+8.46 84.17+9.02 86.02+5.30 84.74+5.61

+ PMP 88.98−0.05 86.74+0.02 88.00+0.03 87.53+0.14 89.73−0.04 86.92−0.04 88.62+0.06 87.20+0.14 87.06−0.08 84.08−0.09 86.07+0.05 84.90+0.16

+ GRPO 89.43+0.45 87.20+0.46 88.46+0.46 88.19+0.66 90.23+0.50 87.52+0.60 89.10+0.48 87.97+0.77 87.85+0.79 84.92+0.84 86.60+0.53 85.81+0.91

Qwen3-8B-Base 87.02 83.55 86.65 86.05 84.69 81.98 87.29 85.60 66.43 63.32 78.50 78.59

SFT 88.53+1.51 85.96+2.41 84.86−1.79 77.83−8.22 88.21+3.52 85.22+3.24 82.27−5.02 76.55−9.05 80.72+14.29 76.95+13.63 77.61−0.89 73.08−5.51

+ SD 88.57+0.04 86.13+0.17 87.69+2.83 86.84+9.01 88.28+0.07 85.37+0.15 87.99+5.72 86.33+9.78 82.49+1.77 79.12+2.17 82.83+5.22 81.52+8.44

+ CPT 89.31+0.74 87.07+0.94 88.02+0.33 87.46+0.62 90.06+1.78 87.35+1.98 88.57+0.58 87.17+0.84 87.42+4.93 84.51+5.39 86.32+3.49 85.18+3.66

+ PMP 89.29−0.02 87.10+0.03 88.06+0.04 87.60+0.14 90.06+0.00 87.28−0.07 88.63+0.06 87.39+0.22 87.38−0.04 84.50−0.01 86.41+0.09 85.41+0.23

+ GRPO 89.60+0.31 87.41+0.31 88.50+0.44 88.22+0.62 90.39+0.33 87.70+0.42 89.10+0.47 87.95+0.56 87.93+0.55 85.04+0.54 86.91+0.50 86.08+0.67

Table 2: COMET-22 scores of 4B and 8B models as we progressively enable components of the LMT training
pipeline: supervised fine-tuning (SFT), Strategic Downsampling (SD), continued pre-training (CPT), Parallel
Multilingual Prompting (PMP), and preference optimization (PO). Bold numbers indicate the best score within each
backbone block. Subscripts denote the score difference compared to the previous row. We use red to mark entries
affected by directional degeneration, and green to highlight substantial improvements (>1.0).

4.2 CPT Data Curation

To support effective CPT, we construct a multi-
stage data pipeline comprising large-scale collec-
tion, pseudo-parallel synthesis, and systematic fil-
tering. For monolingual data, we aggregate text for
the 60 target languages from a broad range of pub-
lic, curated multilingual sources, and apply stan-
dard cleaning and de-duplication. For parallel data,
we start from OPUS and examine the available par-
allel volume for our 117 directions. As illustrated
in Figure 1 (bottom), we observe a significant im-
balance: while English-centric directions are rela-
tively well-covered, Chinese-centric directions suf-
fer from severe data scarcity. To bridge this gap,
we extensively augment the authentic parallel pool
with synthetic data generated by high-performing
MT systems. Following a systematic quality fil-
tering process, we obtain a total of approximately
2.1B English-centric and 2.9B Chinese-centric sen-
tence pairs across 117 language pairs, which lay
a solid data foundation for subsequent adaptation.
Detailed corpus composition, quality estimation,
and statistics are provided in Appendix A.

5 Results and Analyses

5.1 Setup

Training Details For CPT, we use 90B tokens bal-
anced at a 1:1:1 ratio across monolingual, Chinese-
centric bilingual, and English-centric bilingual data.
The bilingual samples are used equally in both di-
rections (En/Zh→X and X→En/Zh; 50/50), and
adopt an Informative Formatting with explicit
direction tags and a target-language separator (as

shown in Figure 4), which we find performs better
slightly than naïve newline source–target concate-
nation (Guo et al., 2024; Iyer et al., 2024). Dur-
ing SFT, for forward directions (En/Zh→X), STP
and PMP each account for 50%. For reverse di-
rections (X → En/Zh), we apply strategic down-
sampling with a total retention of 5%, split evenly
between formats (STP 2.5%, PMP 2.5%). Finally,
we perform preference optimization with GRPO by
reusing SFT prompts to generate rollouts and scor-
ing them with COMET-22 (Rei et al., 2022a) as a
reference-based reward. We train four model sizes
(0.6B/1.7B/4B/8B) on 16 NVIDIA H200 GPUs,
and the detailed hyperparameters are provided in
the Appendix Table 5.

Evaluation Data and Metrics We evaluate on
FLORES-200 Devtest (Costa-jussà et al., 2022). To
address the lack of a Mongolian (traditional script)
testset, we translated the Chinese side of FLORES
into Mongolian with native annotators 1. We adopt
COMET-22 as our primary evaluation metric, and
report SacreBLEU (Post, 2018) in the Appendix.
For brevity, we present LMT-60-4/8B in the main
text, with full results for all four sizes provided
in the Appendix. In addition, we also provide a
comparison against the WMT24++ (Deutsch et al.,
2025) in the Appendix.

5.2 Main Results

Table 2 summarizes the evolution of translation
quality as we progressively integrate components
of the LMT training pipeline. We report COMET-

1We release this dataset to fill a gap in MT Benchmark.
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22 scores averaged over all 60 languages, catego-
rized by resource tiers and translation direction.
Starting from the 3-shot base models, SFT im-
proves En/Zh→X on both 4B and 8B settings, but
all X→En/Zh drop significantly below the corre-
sponding base scores, as indicated by the red sub-
scripts. This empirically confirms that SFT under
symmetric multi-way reuse can trigger severe direc-
tional degeneration in reverse directions. Integrat-
ing SD effectively reverses this effect: X→En/Zh
directions typically recover by approximately 2–13
COMET points relative to the SFT baseline, sur-
passing base performance while maintaining strong
results on En/Zh→X.

Compared to the SD+SFT baseline, CPT yields
substantial improvements across the board. It con-
tributes 1–3 COMET points in high- and medium-
resource scenarios and a remarkable 5–9 points in
low-resource directions, underscoring its critical
role in strengthening the model’s broad translation
ability. 2 The introduction of PMP yields gains on
X→En/Zh directions, likely by enriching source-
side diversity to alleviate the directional degenera-
tion. Finally, GRPO reuses the same SFT examples
but still brings a further gain of about 0.3–0.8 points
across resource tiers. This indicates that preference
optimization can extract additional benefit from
the supervised data by exploring alternative genera-
tions and reinforcing better candidates, even when
no new training examples are introduced.

5.3 Comparison with Existing MMT Systems

To benchmark LMT against the current SOTA, Ta-
ble 7 presents a comprehensive comparison with
a diverse range of systems, categorized into two
groups: (1) General-purpose Multilingual LLMs
capable of instruction-following translation, in-
cluding Aya-Expanse-8B (Dang et al., 2024), Aya-
101-13B (Üstün et al., 2024), and LLaMAX3-8B-
Alpaca (Lu et al., 2024); (2) Dedicated MMT
Models, including TowerInstruct-13B (Alves et al.,
2024), GemmaX2-28-9B (Cui et al., 2025), X-
ALMA-13B (Xu et al., 2025), Hunyuan-MT-7B
(Zheng et al., 2025a), Seed-X-PPO-7B (Cheng
et al., 2025), and NLLB-54B (Costa-jussà et al.,
2022). To ensure a fair evaluation, we calculate
metrics solely on the intersection of languages sup-
ported by each baseline, reporting the averaged
COMET-22 scores over overlapping directions. We
report a resource-tier breakdown on FLORES and

2Detailed analyses are provided in Appendix B.

#Langs Model En→X X→En Zh→X X→Zh Avg.
TowerInstruct-13B 88.91 88.51 86.29 86.81 87.63

10 LMT-60-4B 89.29 88.58 87.09 88.40 88.34
LMT-60-8B 89.42 88.59 87.30 88.40 88.43
Aya-expanse-8B 88.66 88.31 86.26 86.20 87.36

23 LMT-60-4B 89.44 88.62 87.00 87.99 88.26
LMT-60-8B 89.63 88.65 87.18 87.98 88.36
Seed-X-PPO-7B 90.78 89.05 88.48 87.96 89.07

27 LMT-60-4B 90.35 88.87 88.02 88.19 88.86
LMT-60-8B 90.49 88.88 88.23 88.16 88.94

GemmaX2-28-9B 88.39 88.95 85.56 87.37 87.57
28 LMT-60-4B 88.72 88.52 85.97 87.71 87.73

LMT-60-8B 88.83 88.62 86.12 87.76 87.83
Hunyuan-MT-7B 86.78 86.42 83.88 85.74 85.71

35 LMT-60-4B 88.72 88.00 86.03 87.26 87.50
LMT-60-8B 88.84 88.12 86.18 87.36 87.63
X-ALMA-13B 89.17 88.68 - - 88.92

40 LMT-60-4B 89.24 88.67 - - 88.96
LMT-60-8B 89.38 88.73 - - 89.06
Aya-101-13B 84.87 86.45 81.53 82.54 83.85

54 LMT-60-4B 88.61 88.23 85.67 87.15 87.42
LMT-60-8B 88.75 88.36 85.84 87.24 87.55
LLaMAX3-Alpaca 81.29 86.27 77.24 81.02 81.45

55 LMT-60-4B 88.66 88.20 85.74 87.16 87.44
LMT-60-8B 88.78 88.32 85.91 87.23 87.56
NLLB-54B 86.89 87.72 84.06 80.50 84.79

59 LMT-60-4B 88.78 87.93 86.00 87.00 87.43
LMT-60-8B 88.91 88.07 86.16 87.11 87.56

Table 3: COMET-22 scores of our LMT models com-
pared with a range of general-purpose multilingual
LLMs and dedicated MMT models, averaged over all
overlapping languages for each system in four directions.
“#Langs” denotes the number of languages shared be-
tween the baseline and LMT. Bold numbers indicate the
best score in each comparison group, and underlined
numbers the second best. The symbol “-” indicates di-
rections not supported by the baseline model.

additional results in Appendix C.
The results demonstrate that LMT models de-

liver robust and consistent performance across all
comparison groups. Against general-purpose multi-
lingual LLMs, LMT achieves substantial improve-
ments, surpassing models like Aya-101-13B and
LLaMAX3-Alpaca by a margin of approximately
3–6 COMET points on average. Compared to dedi-
cated MMT systems, LMT remains highly competi-
tive. It outperforms strong baselines such as NLLB-
54B and GemmaX2-28-9B, and performs on par
with top-tier systems like Seed-X-PPO-7B. Most
notably, LMT-60-4B demonstrates exceptional pa-
rameter efficiency, matching or exceeding the per-
formance of significantly larger models (e.g., the
Aya-101-13B and NLLB-54B).

Overall, these results position LMT as a com-
petitive MMT baseline: it covers a broader set of
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Figure 5: Analysis of the Parallel Multilingual Prompt-
ing (PMP). Left: Comparison of different inference-
time strategies. Right: Comparison of zero-shot perfor-
mance with and without PMP training.

languages than most existing LLM-based MT sys-
tems, and achieves comparable or better quality
than much larger baselines on the overlapping di-
rections.

5.4 Understanding the Effect of PMP

Test-time Enhancement We first analyze the ef-
fect of PMP at inference time on the PMP-enabled
languages (see Table 12). We compare three
modes: Direct Translation (DT), which uses the
standard translation prompt (STP), PMP with a self-
generated auxiliary sentence (PMP-S), and PMP
with an oracle auxiliary sentence (PMP-O). As
illustrated in Figure 5 (left), the effectiveness of
PMP varies by direction. On X→En/Zh, PMP-S
performs comparably to or better than PMP-O, sug-
gesting that for high-resource targets, the model
is resilient to imperfect anchors; self-generated
context is sufficient to boost performance. Con-
versely, on Zh→X, we find that only PMP-O yields
clear gains, while PMP-S does not. This implies
that translating into X is sensitive to anchor qual-
ity: while gold-standard context helps, noisy self-
generated anchors may fail to provide positive guid-
ance. Practically, these findings highlight PMP-S
as a robust inference-time enhancement strategy
for X→En/Zh directions, enabling the model to
self-boost performance without relying on external
references.

PMP Improves Zero-shot Transfer Beyond in-
ference benefits, we examine whether PMP train-
ing enhances the model’s cross-lingual transfer in
zero-shot directions. We compare models trained
with and without PMP on two distinct subsets of
directions among the participating languages (Fig-
ure 5 (right)). In the In-Group setting (translations
between auxiliary languages and their associated

targets, A↔X), PMP training substantially boosts
the average COMET-22 score from 85.20 to 86.11.
Furthermore, in the Out-of-Group setting, where
we evaluate directions between high-resource lan-
guages never explicitly used as PMP anchors (e.g.,
{Es, Ja}↔X), we still observe a positive perfor-
mance uplift. These results indicate that PMP not
only strengthens the anchored language pairs but
also promotes zero-shot transfer to related direc-
tions that were never explicitly used as auxiliary
anchors during training.

6 Related Work

LLM Adaptation for MMT While dedicated
encoder-decoder models like NLLB (Costa-jussà
et al., 2022) and M2M-100 (Fan et al., 2021) have
long served as the backbone of multilingual trans-
lation, recent trends have shifted towards adapting
decoder-only LLMs for this task (Yang et al., 2023;
Alves et al., 2024; Xu et al., 2025; Cui et al., 2025;
Luo et al., 2025). This transition brings not only
stronger translation quality but also advanced ca-
pabilities such as context awareness (Wang et al.,
2024, 2025b) and reasoning (Wang et al., 2025a;
Chen et al., 2025). Despite this progress, current
LLM-based MMT systems still face several limi-
tations. First, regarding language coverage, most
existing adaptations remain restricted to a narrow
set of dominant languages, struggling to match the
extensive linguistic breadth required for truly uni-
versal translation. Second, regarding translation
directions, the research landscape remains heav-
ily English-centric. Consequently, non-English di-
rections are largely underserved, resulting in in-
ferior performance compared to English-centric
tasks, with only a few recent works extending ca-
pabilities to Chinese-centric translation(Cui et al.,
2025; Zheng et al., 2025a; Cheng et al., 2025). Fi-
nally, low-resource translation remains a persistent
challenge for adapted LLMs. Under severe data
scarcity and the dominance of high-resource lan-
guages in pre-training, these models often struggle
to maintain robustness on resource-poor languages.

Utilization of Multi-way Data Multi-way par-
allel data, where aligned sentences exist across
three or more languages, provides richer seman-
tic constraints than bilingual counterparts. In tra-
ditional NMT, this concept was explored through
multi-source translation to improve disambiguation
and robustness (Nishimura et al., 2020; Xu et al.,
2021). In the era of LLMs, recent analysis has
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begun to reveal the parallel multilingual learning
mechanisms within these models, suggesting that
LLMs inherently benefit from cross-lingual align-
ment (Mu et al., 2024; Shen et al., 2025; Yang et al.,
2025b). However, while these works demonstrate
the value of multi-way signals, how to properly
leverage them for consistent gains in large-scale
multilingual machine translation, and the poten-
tial pitfalls of widely used symmetric multi-way
mixtures in SFT remain under-explored.

7 Conclusion

In this work, we introduce LMT, a Chinese-English-
centric MMT model, covering 60 languages across
234 translation directions and achieving competi-
tive performance among models with similar lan-
guage coverage. Our adaptation pipeline begins
with the construction of a large, curated multilin-
gual corpus, followed by extensive continued pre-
training to integrate broad translation knowledge
into the model. We then identify directional de-
generation, a salient yet previously overlooked is-
sue in SFT with multi-way data, and mitigate it
by introducing a simple strategic downsampling
method. Furthermore, we propose Parallel Multi-
lingual Prompting, a simple but effective technique
to enhance cross-lingual transfer. We release LMT
models as publicly available baselines to facilitate
future research on inclusive and high-quality multi-
lingual machine translation.

Limitations

While LMT shows promising performance, we note
several limitations that also point to natural direc-
tions for future work. First, although our eval-
uation covers a broad set of standard academic
benchmarks and primarily relies on COMET, these
settings may not fully reflect the diversity of real-
world translation use cases. Future work could
extend this evaluation to a wider range of real-
world scenarios to further assess generalization
and capture more nuanced aspects of translation
quality. Second, LMT adopts a Chinese–English-
centric design as a step toward moving beyond an
English-only focus. This bi-centric setting is still
a simplifying choice and may not be optimal for
other regions or language communities. It would
be useful to explore tri-centric or more general
multi-centric configurations, and to study how they
affect scalability, interference, and cross-lingual
transfer. Third, LMT currently supports 60 lan-

guages, which remains a small subset of global
linguistic diversity. Expanding coverage is con-
strained not only by training cost but also by the
availability and quality of text and parallel data
for many underrepresented languages, especially
those with limited written resources. Future work
could prioritize extending support to additional lan-
guages and improving adaptation under extreme
data scarcity through more effective data collection,
filtering, and transfer strategies.
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A Continued Pre-training Data Curation

The foundation of CPT relies on a high-quality,
large-scale, and diverse corpus. Recognizing that
constructing such a corpus is a major challenge,
we designed a systematic, multi-stage data cura-
tion pipeline to ensure both linguistic breadth and
quality consistency.

A.1 CPT Monolingual Data
To achieve comprehensive coverage and diversity,
our monolingual CPT corpus aggregates several
sources. For English and Chinese, we utilized the
well-curated SlimPajama (Soboleva et al., 2023)
and Skywork (Wei et al., 2023) corpora, respec-
tively. For the remaining languages, we collected
from CulturaX (Nguyen et al., 2024), OpenData-
Lab (Yu et al., 2025), and Wikimedia, with full
source details in Table 10.

A.2 CPT Bilingual Data
The foundation of the bilingual corpus is curated
from OPUS 3 sub-corpora. To significantly scale
this up, we employed pseudo-parallel synthesis
using open-source models in two ways: (1) di-
rect synthesis, creating synthetic En/Zh → X data
by translating monolingual corpora, and (2) piv-
oted synthesis via English, leveraging typically
higher-quality En↔X and En→Zh models to ob-
tain Zh↔X data. Finally, all data was unified and
subjected to a rigorous quality control pipeline.
We used OpusFilter (Aulamo et al., 2020) for
rule-based cleaning, including length-based san-
ity checks and misalignment removal; in partic-
ular, we filtered out sentence pairs with a maxi-
mum length ratio greater than 3.0. For language
identification, we employed the standard FastText
LID model integrated in OpusFilter, with an adap-
tive strategy to accommodate different resource
levels: for high-resource languages we enforced
a confidence threshold of 0.5 to ensure data pu-
rity, while for low-resource languages (where LID
probabilities are often poorly calibrated) we prior-
itized recall by accepting samples as long as the
Top-1 predicted language matched the target tag,
regardless of its probability. We further applied
CometKiwi (Rei et al., 2022b) for quality-based
scoring and selection. This yields approximately
2.1B sentence pairs for English-centric and 2.9B
for Chinese-centric directions, with the vast major-
ity comprising over 10M high-quality pairs across

3https://opus.nlpl.eu/

the 117 targeted directions.

A.3 Quality Analysis of the Bilingual Corpus

Figures 7 and 8 present the COMETKiwi score
(Rei et al., 2022b) distributions for the English-
centric (En ↔ X) and Chinese-centric (Zh ↔ X)
portions of our curated CPT bilingual corpus, re-
spectively. A primary observation is that the score
distributions for low-resource languages are no-
ticeably skewed to the left compared to the high-
resource counterparts. This skew is particularly
pronounced for the Chinese-centric low-resource
pairs (Figure 8), highlighting the challenge of
sourcing non-English-centric data. We attribute
this phenomenon to two factors. First, it likely
reflects the real scarcity of clean, high-quality bilin-
gual data for many low-resource languages, espe-
cially those paired with non-English. Second, it
may reveal a bias in the quality estimation (QE)
model itself—models like COMETKiwi may yield
less reliable scores for underrepresented or non-
English language pairs due to limited exposure
during training. This could lead to systematically
lower scores for some language pairs, irrespective
of their true quality.

Overall, these findings point to a dual challenge
in multilingual MT: the limited availability of clean
bilingual data for many non-English-centric pairs,
and the potential calibration limitations of current
QE models in such settings. They also motivate
future work on QE methods that are better cali-
brated and more robust across diverse, non-English-
centric language pairs.

B CPT Gains Across Languages

This section details the language-specific im-
pact of Continued Pre-training (CPT), extend-
ing the aggregated ablation results in Sec-
tion 5.2. Figure 6 presents COMET score com-
parisons between Base+SFT+SD (without CPT)
and Base+CPT+SFT+SD (with CPT) across four
translation directions per language.

Across nearly all languages and directions, in-
corporating CPT yields consistent performance im-
provements, underscoring its role as a fundamental
adaptation step. However, the magnitude of this
gain is not uniform, and is more pronounced for
medium- and low-resource languages. This trend
aligns with the expectation that CPT is particularly
beneficial for strengthening foundational linguistic
knowledge where the base model lacks sufficient
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prior exposure. Additionally, for many high- and
medium-resource languages, the baseline model
exhibits lower performance in the En/Zh → X di-
rections than in X → En/Zh, consistent with prior
observations (Arivazhagan et al., 2019) that gen-
erating into diverse target languages is inherently
more challenging. CPT substantially improves per-
formance in these directions, highlighting its effec-
tiveness in strengthening multilingual generation
capabilities.

C Additional Evaluation

This appendix complements Section 5.3 by (i) re-
porting FLORES results stratified by resource tier,
and (ii) evaluating on WMT24++ (Deutsch et al.,
2025) to test robustness beyond FLORES.

C.1 FLORES Breakdown by Resource Tier

Table 6 provides a resource-tier breakdown that
complements the direction-level averages reported
in the main text, and helps assess whether improve-
ments are concentrated in a particular subset of
languages. In the high-resource tier, where most
baselines already perform strongly, LMT-60-4B/8B
remains consistently competitive across all four di-
rections and is frequently among the top systems,
suggesting that the overall gains are not achieved
by sacrificing performance on well-resourced pairs.
In the medium- and low-resource tiers, the relative
advantage of LMT becomes more pronounced and
more stable, particularly on Chinese-centric direc-
tions where several baselines either lag behind or
do not support the full direction set. For exam-
ple, on the 54-language overlap with Aya-101-13B,
LMT-60-4B improves low-resource En→X from
81.68 to 86.92 and low-resource X→Zh from 81.58
to 85.98. On the 59-language overlap with NLLB-
54B, LMT-60-4B yields a clear margin on low-
resource X→Zh (80.56→85.88) and improves low-
resource Zh→X (82.33→84.52), while remaining
strong on En-centric directions.

Overall, the tiered results indicate that LMT’s
performance is broadly competitive on high-
resource pairs and delivers larger, more consistent
gains on the long tail, rather than being driven by a
narrow subset of directions.

C.2 Results on WMT24++

Table 8 reports results on WMT24++, a document-
level benchmark that emphasizes cross-sentence
coherence and discourse-level adequacy. In this

setting, LMT remains competitive on many direc-
tions but trails Hunyuan-MT on several subsets.
More broadly, these results are consistent with a
general limitation of current LLM-based MT sys-
tems: document-level translation is still challeng-
ing, likely because most models are post-trained
primarily with sentence-level supervision and re-
ceive limited exposure to discourse-level signals.
For LMT, our SFT focuses on sentence pairs and in-
cludes little document-context training, which can
weaken performance on benchmarks that require
cross-sentence consistency. In future work, we will
incorporate targeted document-level parallel data
and context-aware SFT to strengthen discourse-
level behaviors.
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Category Content

Source 他补充道：“我们现在有4个月大没有糖尿病的老鼠，但它们曾经得过该病。”

Reference "We now have 4-month-old mice that are non-diabetic that used to be diabetic," he
added.

Prediction He added: "We now have four-month-old mice that have never had diabetes but were
given the disease."

Table 4: Translation error cases: hallucinations and fabricated outputs

Hyperparameter CPT Stage SFT Stage GRPO Stage
Learning Rate 2e-5 2e-5 5e-7
Adam β (0.9, 0.999) (0.9, 0.999) (0.9, 0.999)
LR Scheduler cosine cosine cosine
Number of Epochs 1 1 1
Global Batch Size 1536 1024 1024
Max Length 2048 1024 1024
Train Steps 40,000 500 500
Warmup Ratio 0.05 0.01 0.01
Weight Decay 0.01 0.01 0.01
Rollout - - 8
Temperature - - 1.0
KL β - - 0.001

Table 5: Hyperparameter configuration during training.
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# Langs
(Hig./Med./Low) Model

High Resource Medium Resource Low Resource

En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh
TowerInstruct-13B 88.78 88.51 86.15 86.83 89.92 88.53 87.44 86.66 - - - -
LMT-60-4B 89.14 88.56 86.91 88.42 90.47 88.68 88.49 88.28 - - - -

10
(9/1/0)

LMT-60-8B 89.28 88.58 87.14 88.39 90.47 88.61 88.56 88.43 - - - -

Aya-expanse-8B 88.60 88.16 86.44 86.32 88.82 88.50 86.19 86.13 87.82 88.41 84.76 85.28
LMT-60-4B 89.43 88.46 87.20 88.19 89.67 88.85 86.98 87.81 87.55 88.58 84.69 87.27

23
(13/9/1)

LMT-60-8B 89.60 88.50 87.41 88.17 89.87 88.85 87.18 87.80 87.80 88.65 84.41 87.39
Seed-X-PPO-7B 89.91 88.59 87.73 87.94 91.58 89.48 89.25 88.07 91.27 89.22 88.78 87.39
LMT-60-4B 89.43 88.46 87.20 88.19 91.14 89.26 88.84 88.26 91.09 89.00 88.46 87.84

27
(13/12/2)

LMT-60-8B 89.60 88.50 87.41 88.17 91.26 89.24 89.04 88.20 91.14 89.01 88.67 87.88
GemmaX2-28-9B 89.34 88.62 86.99 87.66 88.71 89.46 85.82 87.59 86.42 88.93 82.81 86.63
LMT-60-4B 89.43 88.46 87.20 88.19 89.11 89.04 86.16 87.99 87.06 88.04 83.63 86.56

28
(13/8/7)

LMT-60-8B 89.60 88.50 87.41 88.17 89.21 89.06 86.29 88.03 87.09 88.30 83.73 86.77
Hunyuan-MT-7B 89.43 87.56 87.08 87.38 89.10 87.76 86.29 86.77 82.74 84.43 79.27 83.50
LMT-60-4B 89.43 88.46 87.20 88.19 89.28 88.89 86.49 87.91 87.67 86.96 84.63 85.96

35
(13/9/13)

LMT-60-8B 89.60 88.50 87.41 88.17 89.41 88.90 86.64 87.93 87.75 87.22 84.74 86.22
X-ALMA-13B 89.41 88.51 - - 90.37 89.29 - - 87.15 87.98 - -
LMT-60-4B 89.43 88.46 - - 90.31 89.13 - - 87.47 88.24 - -

40
(13/16/11)

LMT-60-8B 89.60 88.50 - - 90.47 89.13 - - 87.55 88.40 - -

Aya-101-13B 87.00 86.55 84.34 83.29 87.54 87.32 84.26 83.26 81.68 85.71 77.92 81.58
LMT-60-4B 89.43 88.46 87.20 88.19 90.23 89.10 87.52 87.97 86.92 87.43 83.42 85.98

54
(13/18/23)

LMT-60-8B 89.60 88.50 87.41 88.17 90.39 89.10 87.70 87.95 87.01 87.72 83.56 86.20
LLaMAX3-Alpaca 85.22 87.19 82.28 82.49 84.80 87.87 80.90 82.23 76.69 84.60 71.97 79.38
LMT-60-4B 89.43 88.46 87.20 88.19 90.23 89.10 87.52 87.97 87.10 87.40 83.69 86.03

55
(13/18/24)

LMT-60-8B 89.60 88.50 87.41 88.17 90.39 89.10 87.70 87.95 87.17 87.65 83.82 86.22
NLLB-54B 87.95 88.17 85.82 80.06 88.95 88.85 85.58 80.69 85.12 86.81 82.33 80.56
LMT-60-4B 89.43 88.46 87.20 88.19 90.23 89.10 87.52 87.97 87.57 86.96 84.52 85.88

59
(13/18/28)

LMT-60-8B 89.60 88.50 87.41 88.17 90.39 89.10 87.70 87.95 87.65 87.23 84.64 86.12

Table 6: COMET-22 scores of our LMT models compared with a range of general-purpose multilingual LLMs and
dedicated MMT models . Evaluation is conducted only on the intersection of language pairs supported by each
baseline and our models. The first column (# Langs) denotes the number of overlapping languages, followed by
their distribution across resource tier (high/medium/low). Bold numbers indicate the best in each group, and the
underlined numbers the second best. The symbol ’-’ indicates directions not supported by the baseline model.
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# Langs
(Hig./Med./Low) Model

High Resource Medium Resource Low Resource

En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh
TowerInstruct-13B 37.46 39.55 21.56 36.72 30.54 31.99 21.34 33.86 - - - -
LMT-60-4B 37.35 39.15 23.03 41.93 29.38 30.95 23.20 38.59 - - - -

10
(9/1/0)

LMT-60-8B 38.34 39.28 24.25 42.09 31.36 31.66 24.20 39.34 - - - -

Aya-expanse-8B 31.74 36.64 19.70 34.58 31.14 37.67 19.61 34.53 27.45 42.71 13.53 35.12
LMT-60-4B 33.79 37.97 21.42 41.10 32.61 39.69 21.10 40.48 24.68 44.13 14.13 41.32

23
(13/9/1)

LMT-60-8B 35.00 38.16 22.48 41.33 34.01 39.89 22.00 40.80 27.15 44.58 14.53 41.76
Seed-X-PPO-7B 37.88 37.14 23.13 34.03 38.33 40.63 23.12 34.95 39.32 42.53 21.84 33.86
LMT-60-4B 33.79 37.97 21.42 41.10 32.83 40.77 21.38 41.23 35.02 42.70 20.64 41.25

27
(13/12/2)

LMT-60-8B 35.00 38.16 22.48 41.33 33.91 40.79 22.32 41.21 35.79 42.72 21.52 41.26
GemmaX2-28-9B 36.23 39.78 22.60 40.42 32.21 41.59 20.40 39.21 22.06 43.09 13.74 38.21
LMT-60-4B 33.79 37.97 21.42 41.10 28.96 37.87 19.21 39.66 21.51 38.61 13.01 37.71

28
(13/8/7)

LMT-60-8B 35.00 38.16 22.48 41.33 30.22 38.22 20.12 40.17 22.28 39.51 13.60 38.42
Hunyuan-MT-7B 27.72 28.65 17.55 28.49 21.24 27.38 14.27 26.48 9.99 21.81 6.59 22.04
LMT-60-4B 33.79 37.97 21.42 41.10 28.92 38.12 18.95 39.84 18.00 34.70 10.97 36.93

35
(13/9/13)

LMT-60-8B 35.00 38.16 22.48 41.33 30.22 38.47 19.88 40.27 19.01 35.74 11.80 37.45
X-ALMA-13B 35.76 38.22 - - 35.12 41.53 - - 22.16 35.74 - -
LMT-60-4B 33.79 37.97 - - 31.87 40.42 - - 21.17 35.38 - -

40
(13/16/11)

LMT-60-8B 35.00 38.16 - - 33.01 40.49 - - 21.96 36.23 - -

Aya-101-13B 22.75 30.67 12.86 24.10 20.02 32.61 10.33 24.01 7.70 29.01 3.71 21.98
LMT-60-4B 33.79 37.97 21.42 41.10 30.96 40.11 19.13 40.61 20.05 36.17 11.98 37.02

54
(13/18/23)

LMT-60-8B 35.00 38.16 22.48 41.33 32.11 40.22 20.08 40.77 20.85 37.26 12.53 37.77
LLaMAX3-Alpaca 24.51 32.28 12.94 26.18 22.53 34.46 9.41 25.61 10.96 27.51 4.57 20.67
LMT-60-4B 33.79 37.97 21.42 41.10 30.96 40.11 19.13 40.61 20.38 36.01 12.27 37.10

55
(13/18/24)

LMT-60-8B 35.00 38.16 22.48 41.33 32.11 40.22 20.08 40.77 21.11 37.01 12.82 37.80
NLLB-54B 33.02 39.15 20.81 24.51 31.67 41.60 18.40 24.96 19.20 37.06 10.79 25.04
LMT-60-4B 33.79 37.97 21.42 41.10 30.96 40.11 19.13 40.61 18.93 34.77 11.56 36.79

59
(13/18/28)

LMT-60-8B 35.00 38.16 22.48 41.33 32.11 40.22 20.08 40.77 19.75 35.81 12.21 37.47

Table 7: BLEU scores of our LMT models compared with a range of general-purpose multilingual LLMs and
dedicated MMT models . Evaluation is conducted only on the intersection of language pairs supported by each
baseline and our models. The first column (# Langs) denotes the number of overlapping languages, followed by
their distribution across resource tier (high/medium/low). Bold numbers indicate the best in each group, and the
underlined numbers the second best. The symbol ’-’ indicates directions not supported by the baseline model.
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Figure 6: Performance improvements brought by Continued Pre-training (CPT). Languages are grouped by resource
level: high, medium , and low. The orange portion of the bar shows the performance of the model without
CPT (Base+SFT+SD), while the total height of the bar represents the performance after including the CPT stage
(Base+CPT+SFT+SD). The blue portion visually represents the performance gain (∆COMET) contributed by CPT.
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# Langs
(Hig./Med./Low) Model

High Resource Medium Resource Low Resource

En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh
TowerInstruct-13B 82.27 83.33 81.78 81.06 84.28 81.29 82.14 78.12 - - - -
LMT-60-4B 82.64 83.37 82.66 85.09 86.92 84.35 85.82 84.96 - - - -

10
(9/1/0)

LMT-60-8B 83.04 83.54 83.22 85.01 87.39 84.97 86.73 85.29 - - - -

Aya-expanse-8B 82.50 83.03 82.85 82.08 83.38 83.78 83.38 82.10 82.92 83.46 81.59 80.98
LMT-60-4B 83.11 82.93 82.79 84.46 83.97 82.95 83.06 83.57 80.95 83.14 77.72 83.39

23
(13/9/1)

LMT-60-8B 83.41 83.15 83.32 84.59 84.12 83.84 83.72 84.36 81.34 83.47 79.18 83.80

GemmaX2-28-9B 75.49 76.42 74.40 76.26 74.92 68.62 75.34 75.97 75.04 58.88 73.21 76.92
LMT-60-4B 83.11 82.93 82.79 84.46 83.64 83.40 82.68 83.67 81.30 82.92 78.80 82.78

24
(13/8/3)

LMT-60-8B 83.41 83.15 83.32 84.59 83.77 84.18 83.02 84.76 81.27 83.60 79.49 83.65

Hunyuan-MT-7B 85.35 83.32 84.21 85.30 86.59 84.40 84.55 85.11 81.29 83.58 77.83 83.23
LMT-60-4B 83.11 82.93 82.79 84.46 83.74 83.14 82.77 83.54 79.74 81.92 76.81 80.70

28
(13/9/6)

LMT-60-8B 83.41 83.15 83.32 84.59 83.96 83.98 83.22 84.60 80.83 83.56 78.24 82.93

X-ALMA-13B 80.15 79.31 - - 81.60 78.87 - - 75.35 75.98 - -
LMT-60-4B 83.11 82.93 - - 84.69 83.30 - - 78.41 82.82 - -

33
(13/16/4)

LMT-60-8B 83.41 83.15 - - 84.96 84.10 - - 78.78 83.72 - -

Aya-101-13B 75.14 77.68 77.85 75.00 76.64 78.69 77.94 75.06 71.80 77.87 70.82 74.04
LMT-60-4B 83.11 82.93 82.79 84.46 84.62 83.25 83.50 83.76 80.49 81.76 77.99 81.04

39
(13/18/8)

LMT-60-8B 83.41 83.15 83.32 84.59 84.88 84.04 84.07 84.40 81.36 83.23 79.11 82.94

Table 8: COMET-22 results on the WMT24++ benchmark (document-level). Only models without WMT24++
training are included. Evaluation is conducted only on the intersection of language pairs supported by each baseline
and our models. The first column (# Langs) denotes the number of overlapping languages, followed by their
distribution across resource tier (high/medium/low). The symbol ’-’ indicates directions not supported by the
baseline model.

# Langs
(Hig./Med./Low) Model

High Resource Medium Resource Low Resource

En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh En→X X→En Zh→X X→Zh
TowerInstruct-13B 32.33 35.15 15.54 25.74 16.07 16.92 10.81 15.26 - - - -
LMT-60-4B 28.89 28.59 17.41 34.83 15.39 17.10 18.43 30.19 - - - -

10
(9/1/0)

LMT-60-8B 32.45 34.24 19.88 29.31 25.28 21.57 22.41 24.05 - - - -

Aya-expanse-8B 28.46 32.20 17.15 31.30 27.15 31.95 16.36 30.07 24.48 34.64 13.12 29.58
LMT-60-4B 25.00 26.40 15.46 33.16 19.33 24.47 14.12 27.48 15.28 30.02 8.12 30.96

23
(13/9/1)

LMT-60-8B 28.18 29.74 17.48 28.18 26.58 21.72 17.17 26.58 15.78 35.22 8.12 29.73

GemmaX2-28-9B 16.84 22.03 10.56 21.98 12.39 13.60 8.06 16.88 12.60 9.60 7.19 19.33
LMT-60-4B 25.00 26.40 15.46 33.16 15.27 21.77 12.03 25.79 20.41 25.37 11.43 27.58

24
(13/8/3)

LMT-60-8B 28.18 29.74 17.48 28.18 20.92 18.76 14.53 26.57 20.81 27.36 12.06 29.42

Hunyuan-MT-7B 19.28 26.60 14.40 28.44 14.66 23.38 11.12 25.21 7.47 22.09 5.51 20.84
LMT-60-4B 25.00 26.40 15.46 33.16 15.72 22.22 11.96 25.81 14.13 20.09 7.80 21.27

28
(13/9/6)

LMT-60-8B 28.18 29.74 17.48 28.18 21.40 18.74 14.56 26.30 16.29 18.54 9.33 23.59

X-ALMA-13B 11.98 12.58 - - 11.99 11.55 - - 6.72 9.07 - -
LMT-60-4B 25.00 26.40 - - 21.24 26.08 - - 14.84 23.11 - -

33
(13/16/4)

LMT-60-8B 28.18 29.74 - - 28.10 26.45 - - 17.00 22.03 - -

Aya-101-13B 10.26 15.01 5.91 7.53 11.39 15.75 5.11 8.96 6.63 15.39 2.40 8.61
LMT-60-4B 25.00 26.40 15.46 33.16 20.08 25.17 13.41 28.36 15.73 19.76 8.90 22.39

39
(13/18/8)

LMT-60-8B 28.18 29.74 17.48 28.18 26.78 25.62 15.91 26.68 17.19 19.33 9.87 22.59

Table 9: BLEU results on the WMT24++ benchmark (document-level). Only models without WMT24++ training
are included. Evaluation is conducted only on the intersection of language pairs supported by each baseline and our
models. The first column (# Langs) denotes the number of overlapping languages, followed by their distribution
across resource tier (high/medium/low). The symbol ’-’ indicates directions not supported by the baseline model.
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Languages Data Source

en SlimPajama-6B (Soboleva et al., 2023)

zh Skywork (Wei et al., 2023)

ar, th, vi WanJuanSiLu (Yu et al., 2025)

cs, fa, hi, de, fr, it, pt, es, el, uk, fi
CulturaX(Nguyen et al., 2023)

sv, nb, da, ro, hu, sk, bg, nl, pl, tr

hr, sw MADLAD-400 (Kudugunta et al., 2023)

ne CulturaX, MADLAD-400, MrBinit/Nepali a

bn, he, id, ms, az, kk, ps, ta, ur, uz, CulturaX, MADLAD-400, Opus-Corpora(Zhang et al., 2020),
am, jv fineweb-2(HuggingFaceFW, 2024)

km, lo, my, tl
CulturaX, MADLAD-400, fineweb-2,
Opus-Corpora, C4 (Raffel et al., 2020), OSCAR b

ja, ko, ru WanJuanSiLu (Yu et al., 2025)

ug, bo, mvf In-house dataset

yue AlienKevin/yue_and_zh_sentences c

si, te, mr, is, tg, ky, ka, hy HPLT (Burchell et al., 2025), OSCAR, Wikipedia

Table 10: Monolingual data sources information for 60 languages.

ahttps://huggingface.co/datasets/MrBinit/nepali_dataset_text_cleaned
bhttps://oscar-project.github.io/documentation/versions/oscar-2301/
chttps://huggingface.co/datasets/AlienKevin/yue_and_zh_sentences
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ISO Code Language Script Family Resource
13 High-resource Languages
en English Latin Indo-European High
ar Arabic Arabic Afro-Asiatic High
es Spanish Latin Indo-European High
de German Latin Indo-European High
fr French Latin Indo-European High
it Italian Latin Indo-European High
ja Japanese Japanese Japonic High
nl Dutch Latin Indo-European High
pl Polish Latin Indo-European High
pt Portuguese Latin Indo-European High
ru Russian Cyrillic Indo-European High
tr Turkish Latin Turkic High
zh Chinese Han Sino-Tibetan High
18 Medium-resource Languages
bg Bulgarian Cyrillic Indo-European Mid
bn Bengali Bengali Indo-European Mid
cs Czech Latin Indo-European Mid
da Danish Latin Indo-European Mid
el Modern Greek Greek Indo-European Mid
fa Persian Arabic Indo-European Mid
fi Finnish Latin Uralic Mid
hi Hindi Devanagari Indo-European Mid
hu Hungarian Latin Uralic Mid
id Indonesian Latin Austronesian Mid
ko Korean Hangul Koreanic Mid
nb Norwegian Latin Indo-European Mid
ro Romanian Latin Indo-European Mid
sk Slovak Latin Indo-European Mid
sv Swedish Latin Indo-European Mid
th Thai Thai Tai-Kadai Mid
uk Ukrainian Cyrillic Indo-European Mid
vi Vietnamese Latin Austroasiatic Mid
29 Low-resource Languages
am Amharic Ge’ez Afro-Asiatic Low
az Azerbaijani Latin Turkic Low
bo Tibetan Tibetan Sino-Tibetan Low
he Modern Hebrew Hebrew Afro-Asiatic Low
hr Croatian Latin Indo-European Low
hy Armenian Armenian Indo-European Low
is Icelandic Latin Indo-European Low
jv Javanese Latin Austronesian Low
ka Georgian Georgian Kartvelian Low
kk Kazakh Cyrillic Turkic Low
km Central Khmer Khmer Austroasiatic Low
ky Kirghiz Cyrillic Turkic Low
lo Lao Lao Tai-Kadai Low
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ISO Code Language Script Family Resource
mvf Inner Mongolian Mongolian Mongolic Low
mr Marathi Devanagari Indo-European Low
ms Malay Latin Austronesian Low
my Burmese Myanmar Sino-Tibetan Low
ne Nepali Devanagari Indo-European Low
ps Pashto Arabic Indo-European Low
si Sinhala Sinhala Indo-European Low
sw Swahili Latin Atlantic-Congo Low
ta Tamil Tamil Dravidian Low
te Telugu Telugu Dravidian Low
tg Tajik Cyrillic Indo-European Low
tl Tagalog Latin Austronesian Low
ug Uighur Arabic Turkic Low
ur Urdu Arabic Indo-European Low
uz Uzbek Latin Turkic Low
yue Yue Chinese Han Sino-Tibetan Low

Table 11: Detailed information of 60 languages. The languages are grouped into categories based on their data ratios
in the CulturaX (Nguyen et al., 2024): High Resource (>1%), Medium Resource (0.1%–1%], and Low Resource
(≤0.1%).
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ISO Code Language Script Family Auxiliary
Language ISO Code

es Spanish Latin Indo-European Portuguese pt
de German Latin Indo-European Dutch nl
fr French Latin Indo-European Italian it
it Italian Latin Indo-European French fr
nl Dutch Latin Indo-European German de
pl Polish Latin Indo-European Czech cs
bg Bulgarian Cyrillic Indo-European Russian ru
cs Czech Latin Indo-European Polish pl
da Danish Latin Indo-European Norwegian nb
fa Persian Arabic Indo-European Arabic ar
fi Finnish Latin Uralic Hungarian hu
hi Hindi Devanagari Indo-European Bengali bn
hu Hungarian Latin Uralic Finnish fi
id Indonesian Latin Austronesian Dutch nl
nb Norwegian Latin Indo-European Danish da
ro Romanian Latin Indo-European Italian it
sk Slovak Latin Indo-European Czech cs
sv Swedish Latin Indo-European Norwegian nb
uk Ukrainian Cyrillic Indo-European Russian ru
vi Vietnamese Latin Austroasiatic French fr
az Azerbaijani Latin Turkic Turkish tr
hr Croatian Latin Indo-European Czech cs
is Icelandic Latin Indo-European Danish da
jv Javanese Latin Austronesian Indonesian id
kk Kazakh Cyrillic Turkic Russian ru
ky Kirghiz Cyrillic Turkic Russian ru
lo Lao Lao Tai-Kadai Thai th
mr Marathi Devanagari Indo-European Hindi hi
ms Malay Latin Austronesian Indonesian id
ne Nepali Devanagari Indo-European Hindi hi
ps Pashto Arabic Indo-European Persian fa
tg Tajik Cyrillic Indo-European Russian ru
tl Tagalog Latin Austronesian Indonesian id
ug Uighur Arabic Turkic Persian fa
ur Urdu Arabic Indo-European Persian fa
uz Uzbek Latin Turkic French fr

Table 12: The set of languages that utilize the Parallel Multilingual Prompting (PMP) method and their corresponding
auxiliary languages.
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Direction
COMET BLEU

0.6B 1.7B 4B 8B 0.6B 1.7B 4B 8B
13 High-resource Languages
en→ar 82.97 85.51 87.01 87.14 17.64 19.45 22.54 25.09
en→es 84.77 86.67 87.32 87.40 24.82 27.14 29.04 29.39
en→de 83.58 87.66 88.54 88.87 28.92 35.39 37.74 38.79
en→fr 85.70 88.10 88.70 89.01 40.79 45.41 47.42 49.50
en→it 86.17 88.58 89.40 89.49 25.70 27.99 30.22 31.21
en→ja 90.09 91.61 92.26 92.38 30.69 35.35 37.24 38.35
en→nl 84.75 87.72 88.65 88.78 22.32 24.82 26.11 27.42
en→pl 84.48 88.86 90.04 90.54 15.58 19.31 21.37 22.33
en→pt 88.03 89.78 90.32 90.41 42.78 46.27 48.32 49.37
en→ru 86.49 89.22 90.37 90.47 24.92 28.20 30.73 31.66
en→tr 86.72 89.74 90.78 90.90 20.36 23.86 25.59 27.55
en→zh 87.92 89.49 89.82 89.84 44.12 48.03 49.21 49.34
18 Medium-resource Languages
en→bg 87.90 90.74 91.39 91.58 31.84 35.90 37.52 38.85
en→bn 83.20 86.81 87.85 87.60 13.47 15.01 15.91 16.99
en→cs 87.19 91.04 92.05 92.18 25.48 28.95 31.15 32.30
en→da 88.27 90.60 91.65 91.76 38.27 41.34 44.11 45.04
en→el 84.59 88.68 89.71 90.08 19.39 22.54 24.99 26.10
en→fa 82.58 86.70 88.31 88.51 19.56 22.53 24.64 25.85
en→fi 85.85 90.98 92.67 92.83 15.25 19.18 22.85 23.77
en→hi 76.81 80.45 81.85 82.28 24.11 27.00 28.85 30.45
en→hu 83.81 88.80 90.26 90.28 17.04 20.48 23.59 24.14
en→id 90.62 91.93 92.38 92.47 43.23 45.00 45.71 47.10
en→ko 87.55 89.38 90.47 90.47 26.61 28.17 29.38 31.36
en→nb 87.89 89.91 90.64 90.77 28.57 30.39 31.46 31.87
en→ro 86.68 90.20 91.36 91.55 32.33 35.74 38.28 40.00
en→sk 85.90 90.22 91.44 91.86 25.60 28.56 31.41 32.84
en→sv 87.40 90.52 91.51 91.63 36.37 39.99 42.74 43.44
en→th 85.83 88.63 89.79 89.86 11.56 11.82 14.14 14.94
en→uk 85.08 89.50 90.64 91.00 20.86 25.40 28.64 30.21
en→vi 88.25 89.65 90.22 90.31 39.10 40.82 41.88 42.74
29 Low-resource Languages
en→am 79.76 86.81 88.40 88.67 5.38 8.57 10.77 11.57
en→az 84.31 88.17 89.25 89.15 11.80 13.04 14.23 14.38
en→bo 87.37 91.51 92.82 93.09 1.71 3.63 3.26 2.84
en→he 81.79 83.31 87.55 87.80 17.16 20.37 24.68 27.15
en→hr 86.02 90.06 91.56 91.58 22.48 25.60 28.98 29.62
en→hy 86.42 89.90 91.10 91.11 17.23 20.13 22.33 23.10
en→is 81.43 85.65 86.91 87.38 18.77 21.95 23.75 24.53
en→jv 85.89 87.89 88.37 88.41 23.92 27.22 28.74 29.58
en→ka 81.89 86.89 89.02 89.17 10.89 12.22 14.84 14.90
en→kk 88.46 91.05 91.53 91.69 18.53 21.52 23.06 23.76
en→km 79.32 83.38 85.04 85.11 6.52 7.72 7.50 7.49
en→ky 85.84 89.11 89.98 89.84 11.35 13.58 14.45 14.73
en→lo 80.52 85.09 86.81 86.78 11.57 13.64 14.31 14.42
en→mvf 95.25 95.22 95.48 95.55 15.12 11.74 15.17 16.67
en→mr 70.80 75.00 76.45 76.67 11.20 14.13 15.54 16.72
en→ms 88.98 90.23 90.62 90.70 39.25 40.67 41.05 41.95
en→my 77.47 86.78 88.79 88.97 2.72 3.36 4.28 4.51
en→ne 81.45 84.14 85.23 85.22 15.79 18.21 19.45 20.49
en→ps 75.67 79.49 80.25 80.15 9.36 11.06 12.04 12.03
en→si 82.90 88.20 90.29 90.64 10.33 12.89 15.50 17.16
en→sw 82.88 85.47 86.08 86.35 30.52 33.45 35.56 36.72
en→ta 85.42 89.05 90.27 90.35 10.79 13.07 14.29 15.33
en→te 83.10 86.59 87.49 87.59 15.33 17.57 19.29 20.54
en→tg 75.64 77.25 77.68 77.81 15.19 18.64 20.73 21.87
en→tl 83.16 85.42 86.37 86.18 32.19 35.54 37.34 38.30
en→ug 84.05 87.82 88.93 88.68 12.13 14.52 16.70 18.01
en→ur 78.67 82.87 84.23 84.08 17.40 19.49 21.38 22.16
en→uz 88.52 90.74 91.45 91.32 15.18 18.21 20.46 20.81
en→yue 85.88 88.85 89.63 89.85 5.02 9.32 5.58 8.32

Table 13: COMET-22 and SacreBLEU scores of LMT on the FLORES-200 devtest set (En → X).25174



Direction
COMET BLEU

0.6B 1.7B 4B 8B 0.6B 1.7B 4B 8B
13 High-resource Languages
ar→en 84.53 87.15 87.78 87.97 33.56 38.83 40.93 41.40
es→en 86.38 87.41 87.85 87.94 29.17 31.27 33.64 33.57
de→en 88.14 89.38 89.59 89.52 39.99 43.33 44.45 43.99
fr→en 88.43 89.34 89.48 89.49 41.93 44.98 45.34 45.71
it→en 87.09 88.14 88.60 88.59 31.12 33.97 35.88 35.95
ja→en 86.85 88.30 88.71 88.82 25.51 28.35 30.40 31.09
nl→en 86.27 87.70 87.84 87.94 29.92 32.36 33.05 33.56
pl→en 84.47 86.36 86.74 86.72 27.50 30.83 31.93 31.94
pt→en 88.54 89.53 89.98 89.96 45.49 48.63 50.56 50.51
ru→en 85.50 86.81 87.21 87.36 31.91 35.56 37.70 38.03
tr→en 87.12 89.28 89.76 89.83 32.26 36.79 39.18 39.31
zh→en 86.73 87.79 87.96 87.87 28.62 30.95 32.59 32.88
18 Medium-resource Languages
bg→en 86.72 88.05 88.47 88.40 36.89 40.82 41.85 41.68
bn→en 85.21 88.04 88.98 89.25 25.12 32.25 34.61 35.73
cs→en 86.78 88.48 88.98 88.88 35.38 39.52 41.44 41.28
da→en 88.86 90.15 90.36 90.27 44.61 48.59 48.66 47.73
el→en 85.09 87.49 88.12 88.14 30.94 35.74 37.86 38.17
fa→en 85.32 87.87 88.48 88.65 30.48 35.40 37.34 38.10
fi→en 86.46 89.36 90.09 90.23 27.84 33.16 34.76 35.45
hi→en 86.97 89.16 89.94 89.99 31.72 38.53 40.53 40.44
hu→en 86.30 88.36 88.91 88.93 30.87 35.52 37.16 37.17
id→en 88.61 89.72 89.93 89.95 41.19 44.60 45.69 45.56
ko→en 86.62 88.31 88.68 88.61 25.94 30.12 30.95 31.66
nb→en 87.57 88.96 89.24 89.29 41.13 43.75 44.30 44.40
ro→en 88.00 89.42 89.59 89.66 39.91 43.51 44.88 44.81
sk→en 86.32 88.24 88.64 88.51 34.59 39.32 40.64 40.35
sv→en 88.52 90.04 90.27 90.26 44.68 48.14 48.82 48.00
th→en 86.78 88.62 89.13 89.01 28.22 32.63 34.02 34.46
uk→en 85.55 87.35 87.71 87.64 35.01 39.42 40.15 40.47
vi→en 86.70 87.83 88.21 88.15 35.14 37.47 38.37 38.51
29 Low-resource Languages
am→en 77.78 83.41 86.36 87.20 15.76 25.52 31.42 33.47
az→en 84.26 86.46 87.42 87.45 19.75 23.76 26.12 26.73
bo→en 64.15 70.09 72.90 74.04 6.20 11.59 15.67 17.72
he→en 84.98 87.72 88.58 88.65 35.83 41.79 44.13 44.58
hr→en 85.83 88.01 88.41 88.37 33.44 38.05 39.41 39.15
hy→en 85.31 87.82 88.75 88.98 30.29 36.15 38.69 40.41
is→en 82.28 85.90 87.04 87.41 28.44 33.98 36.39 37.38
jv→en 81.57 84.96 86.30 86.53 32.90 38.37 41.37 41.94
ka→en 83.54 86.35 87.29 87.62 22.45 26.80 29.33 30.21
kk→en 84.96 87.67 88.29 88.57 27.53 32.83 34.90 35.83
km→en 83.37 86.26 87.56 88.02 23.47 30.17 34.01 35.15
ky→en 83.17 85.84 86.66 86.65 20.17 23.50 25.54 26.25
lo→en 83.32 86.02 87.82 88.31 25.63 31.88 36.87 38.06
mvf→en 69.36 74.64 76.58 77.86 10.00 14.22 18.04 20.45
mr→en 84.96 87.71 88.73 88.73 27.81 33.60 36.46 37.52
ms→en 88.02 89.28 89.59 89.65 41.94 45.06 45.99 46.28
my→en 80.74 84.80 86.62 86.88 17.59 23.72 26.20 27.78
ne→en 87.81 89.95 90.66 90.90 30.23 37.25 39.12 40.79
ps→en 80.52 83.94 85.41 85.76 24.03 29.30 32.95 33.63
si→en 81.72 85.36 88.44 89.00 19.28 26.12 32.61 34.32
sw→en 81.64 84.74 86.26 86.37 34.29 39.21 42.08 43.14
ta→en 82.22 86.08 87.38 87.70 22.40 28.89 31.98 33.11
te→en 84.09 87.62 88.78 89.10 26.63 35.44 37.64 39.50
tg→en 73.45 77.79 79.12 79.49 26.06 32.20 34.85 36.21
tl→en 84.73 87.21 88.15 88.39 38.80 44.41 47.59 48.05
ug→en 83.68 86.76 87.74 87.84 21.31 25.96 28.41 28.83
ur→en 83.64 87.08 87.99 88.23 26.55 33.38 35.50 36.67
uz→en 85.05 87.69 88.42 88.57 28.58 34.00 35.75 36.32
yue→en 86.53 87.81 88.13 88.06 28.84 32.09 32.60 33.58

Table 14: COMET-22 and SacreBLEU scores of LMT on the FLORES-200 devtest set (X → En).25175



Direction
COMET BLEU

0.6B 1.7B 4B 8B 0.6B 1.7B 4B 8B
13 High-resource Languages
zh→ar 79.71 83.02 84.27 84.31 8.71 10.67 13.14 13.64
zh→en 86.73 87.79 87.96 87.87 28.62 30.95 32.59 32.88
zh→es 82.67 85.05 85.67 86.03 16.32 19.01 20.04 21.03
zh→de 80.41 84.75 85.58 86.10 14.97 18.62 21.15 22.57
zh→fr 82.06 84.86 85.64 85.80 21.16 25.07 27.75 29.36
zh→it 83.75 86.70 87.61 87.71 15.70 18.60 20.35 21.48
zh→ja 88.87 90.71 91.20 91.21 24.08 27.48 29.90 30.81
zh→nl 81.67 85.47 86.44 86.66 13.11 15.77 17.65 18.91
zh→pl 83.08 87.95 89.16 89.41 9.86 12.36 14.86 15.16
zh→pt 84.89 86.97 87.46 87.75 21.17 24.49 26.04 27.65
zh→ru 84.76 88.19 88.94 89.24 14.21 17.14 18.67 20.11
zh→tr 81.09 85.33 86.51 86.80 10.47 12.93 14.87 16.15
18 Medium-resource Languages
zh→bg 84.63 88.06 89.24 89.39 17.14 19.66 21.96 23.17
zh→bn 78.06 82.14 83.52 83.57 6.72 7.98 9.16 10.22
zh→cs 84.72 89.18 90.32 90.65 13.30 17.02 18.97 19.98
zh→da 84.95 87.85 88.70 88.97 18.89 21.87 24.13 25.02
zh→el 81.00 85.66 87.02 87.53 10.69 12.65 15.54 16.67
zh→fa 79.75 84.04 85.86 85.99 11.50 13.87 16.00 16.39
zh→fi 81.87 87.79 89.79 90.17 8.83 10.96 14.32 15.12
zh→hi 69.07 73.82 75.37 75.50 12.42 15.62 17.77 18.27
zh→hu 79.62 85.75 87.26 87.52 9.78 12.58 15.56 15.94
zh→id 87.07 88.80 89.27 89.35 23.24 25.21 27.07 27.71
zh→ko 85.14 87.68 88.49 88.56 18.88 21.48 23.20 24.20
zh→nb 84.44 87.44 88.22 88.26 13.90 16.60 17.92 18.74
zh→ro 83.24 87.03 88.26 88.51 17.83 21.19 23.41 24.54
zh→sk 83.23 88.15 89.65 89.65 13.10 15.49 18.31 19.44
zh→sv 84.32 87.64 88.70 88.89 17.00 20.12 22.68 23.97
zh→th 83.82 86.58 87.42 87.56 8.20 9.17 10.46 11.87
zh→uk 82.86 87.74 89.13 89.42 10.96 14.72 16.84 17.96
zh→vi 86.97 88.57 89.06 89.12 27.63 29.38 31.07 32.32
29 Low-resource Languages
zh→am 74.21 81.93 84.53 84.54 2.61 4.24 5.60 6.33
zh→az 80.11 85.27 86.28 86.43 7.95 9.61 10.57 10.75
zh→bo 88.72 92.10 93.26 93.03 1.61 2.39 2.12 2.17
zh→he 78.05 81.34 84.69 84.41 7.97 10.43 14.13 14.53
zh→hr 83.28 88.23 89.83 90.14 12.13 14.94 18.07 18.99
zh→hy 82.24 86.51 88.01 88.19 9.16 11.54 13.25 13.18
zh→is 78.16 82.82 84.73 84.71 10.50 12.47 15.06 15.34
zh→jv 81.64 84.92 85.38 85.35 11.06 14.80 16.08 16.47
zh→ka 77.88 84.30 86.20 86.62 6.61 8.30 10.02 11.27
zh→kk 84.72 87.86 88.69 88.82 10.15 12.27 13.89 14.60
zh→km 75.69 80.56 82.11 82.22 5.01 5.41 6.41 6.52
zh→ky 82.14 86.74 87.36 87.67 7.62 9.53 10.47 11.11
zh→lo 76.58 81.78 83.74 83.86 7.26 9.42 10.01 10.06
zh→mvf 96.15 95.96 96.20 96.25 25.34 25.23 31.97 35.50
zh→mr 63.03 68.39 70.03 70.45 6.15 7.81 9.02 9.65
zh→ms 85.16 86.77 87.09 87.21 20.51 22.09 23.22 24.06
zh→my 71.97 83.07 85.30 85.61 1.60 2.40 2.87 2.88
zh→ne 73.18 77.19 78.04 78.19 7.17 8.69 9.88 10.19
zh→ps 70.92 76.46 77.23 77.25 5.10 6.65 8.09 7.94
zh→si 78.49 85.07 87.50 87.84 5.71 7.68 9.68 10.54
zh→sw 78.23 81.45 82.27 82.63 13.87 16.80 18.80 19.85
zh→ta 80.41 85.38 86.49 86.78 5.95 7.35 8.67 8.84
zh→te 75.90 81.20 82.67 82.92 7.20 9.11 10.35 11.45
zh→tg 73.88 75.87 76.64 76.33 8.47 11.36 13.42 14.02
zh→tl 78.69 81.84 82.61 82.57 16.05 19.96 21.22 22.65
zh→ug 80.12 84.64 85.59 85.49 9.20 11.29 12.73 13.86
zh→ur 73.01 78.45 79.89 80.26 9.16 11.82 13.22 14.51
zh→uz 84.90 87.85 88.65 88.62 8.46 10.58 12.11 12.59
zh→yue 90.19 91.55 91.74 91.84 5.52 8.73 4.76 7.64

Table 15: COMET-22 and SacreBLEU scores of LMT on the FLORES-200 devtest set (Zh → X).25176



Direction
COMET BLEU

0.6B 1.7B 4B 8B 0.6B 1.7B 4B 8B
13 High-resource Languages
ar→zh 82.33 85.82 86.77 86.89 31.79 38.23 40.56 41.53
en→zh 87.92 89.49 89.82 89.84 44.12 48.03 49.21 49.34
es→zh 86.04 87.73 88.33 88.32 34.09 37.72 38.84 39.49
de→zh 85.80 87.94 88.43 88.46 36.81 41.25 42.37 42.21
fr→zh 86.55 87.94 88.49 88.36 37.54 41.60 42.80 42.83
it→zh 86.18 87.93 88.49 88.41 34.67 38.93 40.30 40.79
ja→zh 86.80 88.73 89.36 89.16 31.92 36.96 38.52 38.68
nl→zh 84.78 86.89 87.52 87.53 32.49 36.40 38.20 38.10
pl→zh 83.95 86.61 87.19 87.28 31.89 36.34 38.01 38.38
pt→zh 86.46 88.35 88.86 88.83 37.45 41.65 42.81 43.32
ru→zh 84.87 86.83 87.42 87.40 35.11 39.06 40.93 40.64
tr→zh 83.99 86.68 87.58 87.56 32.56 38.48 40.65 40.64
18 Medium-resource Languages
bg→zh 84.40 86.94 87.59 87.57 35.67 40.08 41.89 41.68
bn→zh 81.62 85.77 87.13 87.45 27.02 34.16 36.67 37.84
cs→zh 85.06 87.33 88.01 87.82 34.77 39.89 41.41 41.42
da→zh 85.99 88.27 88.98 88.69 37.27 42.14 43.40 42.99
el→zh 82.17 85.81 86.94 86.91 30.55 36.86 39.04 39.39
fa→zh 83.02 86.58 87.53 87.47 30.68 37.07 38.64 39.38
fi→zh 83.35 87.26 88.12 88.25 30.90 37.21 39.83 39.49
hi→zh 82.65 86.27 87.32 87.67 30.19 36.55 39.01 39.84
hu→zh 83.67 86.82 87.61 87.48 32.40 38.49 40.41 39.98
id→zh 85.98 87.72 88.25 88.21 36.96 41.91 42.57 42.99
ko→zh 85.44 87.71 88.28 88.43 32.16 36.68 38.59 39.34
nb→zh 85.26 87.48 88.20 88.26 34.91 39.68 41.22 41.07
ro→zh 84.94 87.45 88.06 88.02 36.41 41.45 42.90 42.70
sk→zh 84.61 87.27 87.77 87.75 34.06 39.29 40.85 41.18
sv→zh 85.93 88.18 88.90 88.85 36.53 41.38 42.79 42.89
th→zh 85.72 88.20 88.78 88.70 32.22 37.83 39.51 39.52
uk→zh 83.86 86.61 87.32 87.19 34.54 39.76 41.31 41.11
vi→zh 86.53 88.24 88.61 88.46 35.73 40.02 40.87 41.02
29 Low-resource Languages
am→zh 73.26 80.52 83.92 84.74 16.53 26.33 31.58 33.71
az→zh 82.36 85.47 86.37 86.44 27.51 31.84 34.02 34.52
bo→zh 64.72 72.11 74.55 76.06 7.84 17.05 21.15 23.54
he→zh 82.45 86.12 87.27 87.39 32.04 38.68 41.32 41.76
hr→zh 84.01 87.16 87.95 87.91 33.55 38.71 40.51 40.49
hy→zh 81.99 85.80 87.24 87.32 30.52 36.90 39.66 40.35
is→zh 80.51 85.02 86.20 86.30 28.44 34.82 37.69 38.34
jv→zh 79.12 83.44 85.00 85.06 29.27 35.64 37.69 38.54
ka→zh 80.88 85.28 86.86 86.99 25.37 33.32 36.54 37.23
kk→zh 82.87 85.96 87.03 87.13 30.63 36.15 39.02 38.87
km→zh 81.26 84.94 86.58 86.73 26.41 32.17 35.44 36.42
ky→zh 81.23 85.01 86.24 86.14 25.83 31.01 33.91 34.09
lo→zh 80.42 84.79 86.53 87.11 25.25 32.50 36.13 38.08
mvf→zh 77.98 81.50 83.95 85.12 24.01 46.70 54.35 58.64
mr→zh 80.23 85.17 86.60 86.63 27.00 35.08 37.42 37.95
ms→zh 84.87 87.04 87.73 87.86 36.14 40.54 41.99 42.03
my→zh 76.46 83.03 85.10 85.40 14.78 26.54 30.40 31.71
ne→zh 83.16 86.41 87.78 88.13 29.26 35.60 37.99 39.22
ps→zh 77.75 82.73 84.59 84.85 23.07 30.92 34.43 35.06
si→zh 78.07 83.39 86.90 87.38 19.46 27.73 35.46 36.24
sw→zh 78.09 83.09 84.73 85.03 27.18 35.13 37.31 38.63
ta→zh 78.56 83.57 85.34 85.67 22.72 31.58 34.49 35.40
te→zh 78.81 84.35 86.10 86.57 24.11 34.04 37.07 37.82
tg→zh 73.04 77.70 79.72 79.93 27.95 34.58 37.93 38.51
tl→zh 81.68 85.14 86.36 86.39 32.58 38.84 41.48 41.47
ug→zh 81.64 85.73 86.90 87.10 28.28 34.81 37.32 37.18
ur→zh 80.30 84.70 86.38 86.49 25.39 33.71 37.21 37.50
uz→zh 82.42 85.95 87.17 87.16 30.56 37.25 39.21 39.38
yue→zh 90.67 91.42 91.49 91.39 43.02 46.05 45.82 45.25

Table 16: COMET-22 and SacreBLEU scores of LMT on the FLORES-200 devtest set (X → Zh).25177



(a) High Resource Languages

(b) Medium Resource Languages

(c) Low Resource Languages

1

Figure 7: COMETKiwi score distributions for bilingual sentence pairs (En-X) are shown as histograms. Vertical
lines indicate quality thresholds at 0.6 (red), 0.7 (green), and 0.8 (magenta), with the legend specifying the number
and proportion of sentence pairs exceeding each threshold. Some language pairs are excluded due to COMETKiwi’s
limited language support. 25178



(a) High Resource Languages

(b) Medium Resource Languages

(c) Low Resource Languages

1

Figure 8: COMETKiwi score distributions for bilingual sentence pairs (Zh-X) are shown as histograms. Vertical
lines indicate quality thresholds at 0.6 (red), 0.7 (green), and 0.8 (magenta), with the legend specifying the number
and proportion of sentence pairs exceeding each threshold. Some language pairs are excluded due to COMETKiwi’s
limited language support.

25179


