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Abstract

Large language models (LLMs) exhibit strong
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The Earth is round, because

general intelligence, yet their multilingual per-
formance remains highly imbalanced. Al-
though LLMs encode substantial cross-lingual
knowledge in a unified semantic space, they of-
ten struggle to reliably interface this knowledge
with low-resource or unseen languages. Fortu-
nately, pretrained encoder-decoder translation
models already possess balanced multilingual
capability, suggesting a natural complement to
LLMs. In this work, we propose XBridge, a
compositional encoder-LLM-decoder architec-
ture that offloads multilingual understanding
and generation to external pretrained transla-
tion models, while preserving the LLM as an
English-centric core for general knowledge pro-
cessing. To address the resulting representa-
tion misalignment across models, we introduce
lightweight cross-model mapping layers and
an optimal transport-based alignment objective,
enabling fine-grained semantic consistency for
multilingual generation. Experiments on four
LLMs across multilingual understanding, rea-
soning, summarization, and generation indicate
that XBridge outperforms strong baselines, es-
pecially on low-resource and previously unseen
languages, without retraining the LLM.'

1 Introduction

Large language models (LLMs) have demonstrated
remarkable general intelligence and reasoning abil-
ities (Touvron et al., 2023; Ustiin et al., 2024;
Qwen et al., 2025), which are largely grounded
in a unified semantic knowledge space. However,
despite possessing substantial cross-lingual knowl-
edge, LLMs exhibit imbalanced multilingual per-
formance: while performing reliably in English and
a few high-resource languages, they often fail to ro-
bustly understand or generate text in low-resource
or unseen languages (Zhu et al., 2023; Chang et al.,
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Figure 1: Overview of XBridge. Pretrained multilingual
NMT models provide broad language coverage but lim-
ited general reasoning capability, while English-centric
LLMs excel at general reasoning yet struggle with low-
resource or unseen languages. XBridge harmonizes
these strengths through model composition, offloading
multilingual processing to the pretrained multilingual
model while leveraging the LLM as a knowledge core.

2024). This suggests that the core limitation of
LLMs lies not in the absence of knowledge, but
in the difficulty of interfacing this knowledge with
diverse linguistic representation spaces.

Fortunately, a wealth of encoder-decoder based
neural machine translation (NMT) models (Xue
et al., 2021; Team et al., 2022) specialize in multi-
lingual understanding and generation, and thus pro-
vide complementary capabilities to LLMs. These
models support semantic transfer across hundreds
of languages, including many low-resource ones,
by learning a shared semantic representation space
across languages. In such models, the encoder
maps input text from different languages into the
shared semantic space, while the decoder subse-
quently projects these shared representations into
target-language outputs. This closed semantic loop
between understanding and generation, along with
the modular design of encoder and decoder, natu-
rally complements LLMs. Realizing such a compo-
sition would provide LLMs with extensible multi-
lingual capability, particularly for low-resource or
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unseen languages that are well modeled by NMT
systems but remain challenging for LLMs.

However, existing approaches only partially ad-
dress this goal, which integrate multilingual en-
coders to improve multilingual understanding by
injecting encoder representations into LLM in-
puts (Yoon et al., 2024; Huang et al., 2024; Ruan
et al.,, 2025). While effective for input under-
standing, these approaches leave generation largely
English-centric. A natural extension is to further
incorporate the multilingual decoder, but doing so
introduces a fundamental structural challenge. In
NMT, the encoder and decoder are jointly trained
within a unified representation space, whereas in-
serting a frozen LLM in between introduces a trans-
formation from the LLLM input space to a different
output space shaped by its internal knowledge pro-
cessing. Consequently, the LLM outputs no longer
match the decoder’s expected cross-attention repre-
sentations, resulting in semantic misalignment that
cannot be resolved by simple projection.

To address this challenge, we propose XBridge,
which composes LLMs with pretrained multilin-
gual NMT models for extensible multilinguality.
XBridge adopts an encoder-LLM-decoder architec-
ture, where a multilingual encoder provides robust
semantic representations for multilingual inputs, a
frozen LLM serves as an English-centric core for
knowledge processing, and a multilingual decoder
generates outputs in the target language. From
a representation perspective, XBridge constructs
a semantic bridge that transforms representations
from the multilingual semantic space to the LLM
input space, through the LLM output space after
knowledge transformation, and finally into the de-
coder’s generation space. By explicitly aligning
heterogeneous representation spaces across these
modules, XBridge resolves the semantic mismatch
introduced by inserting a frozen LLM, achieving
extensible and generalizable multilingual under-
standing and generation.

We evaluate XBridge on four LLMs across mul-
tilingual understanding, reasoning, summarization,
and generation tasks. XBridge outperforms strong
baselines, with significant gains on low-resource
and unseen languages while preserving LLM’s core
capability. With minimal additional parameters,
limited training data, and parameter-efficient train-
ing, XBridge brings low-resource and unseen lan-
guage performance close to that of external NMT
models, substantially narrowing the gap across lan-
guages without retraining the LLM.

2 Related Work

2.1 Data-Level Multilingual Enhancement for
LLMs

A line of work augments the multilingual capa-
bilities of LL.Ms at the data level by constructing
multilingual training corpora using pretrained mul-
tilingual or machine translation models (Li et al.,
2023; Zhang et al., 2023, 2024a,b). Typical ap-
proaches translate English instruction into multi-
ple languages (Chen et al., 2024), pre-translate
non-English inputs into English before task ex-
ecution (Qin et al., 2023; Chai et al., 2025), or
leverage Mix-of-Experts (MoE) for language ex-
pansion (Zhang et al., 2025b). Such approaches
generally require continual multilingual training
of LLMs, which may introduce translation noise
and interfere with existing language capabilities.
In practice, balancing performance across high-
and low-resource languages remains challenging,
as gains on low-resource languages often come
at degradation on high-resource ones (Gao et al.,
2024). In contrast, XBridge achieves multilingual
generalization through model composition without
multilingual retraining of the LLM.

2.2 Encoder-Augmented Multilingual LLMs

Another line of work augments LLMs with pre-
trained multilingual encoders, injecting encoder
representations into the LLM to improve multilin-
gual understanding. Yoon et al. (2024) leverage
multilingual encoders to support cross-lingual un-
derstanding, while Huang et al. (2024) reintroduce
multilingual inputs to better exploit the complemen-
tary strengths of language understanding and rea-
soning in LLMs. Ruan et al. (2025) further explore
layer-wise fusion strategies to enhance the utiliza-
tion of encoder semantics. These approaches pri-
marily focus on improving multilingual understand-
ing at the input side, while generation remains gov-
erned by the LLM’s native language distribution,
typically English. Moreover, due to differences
in training objectives and tokenization schemes,
representation gaps persist between multilingual
encoders and LLLMs, which limit the effective ex-
ploitation of encoder semantics. XBridge differs
from prior encoder-augmented methods by addi-
tionally incorporating a multilingual decoder to
support multilingual generation and by explicitly
aligning representations across models, enabling
more effective end-to-end multilingual behavior.
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Figure 2: Left: XBridge composes a pretrained multilingual encoder-decoder with an LLM via lightweight mapping
layers for multilingual understanding and generation, keeping the LLM frozen as a knowledge core. Right: A
three-stage training strategy progressively aligns heterogeneous representations and adapts the encoder and decoder.

3 Method

Figure 2 presents the framework of our XBridge,
a compositional multilingual framework that inte-
grates a pretrained encoder-decoder NMT model
with an LLM. XBridge efficiently offloads multi-
lingual burden to the external NMT model while
preserving the LLLM as an English-centric core for
general knowledge processing. XBridge adopts
an encoder-LLM-decoder architecture, connected
by lightweight cross-model mapping layers (Sec-
tion 3.1). To facilitate fine-grained semantic trans-
fer for multilingual generation, we introduce an
optimal transport-based token alignment objective
at the LLM-decoder interface (Section 3.2). For
stable optimization, XBridge employs a three-stage
training strategy that decouples coarse-grained
cross-model alignment from task-specific adapta-
tion (Section 3.3).

3.1 Architecture

XBridge adopts an encoder-LLM-decoder archi-
tecture to compose a pretrained encoder-decoder
NMT model with an LLM for extensible multilin-
gual understanding and generation.

Formally, given an input sequence x =
(21,...,xy,)inlanguage L,, we first encode it with
the pretrained multilingual encoder Enc(-), produc-
ing contextual representations H* € R"*%. To
bridge the representation gap between the multi-
lingual encoder and LLM, we apply a lightweight

mapping Mappingen.(-) that projects H* into the
LLM representation space, yielding H* € R"*4,
The mapped encoder representations are then in-
jected into the LLM together with a high-resource
(English) instruction prompt, enabling the LLM
to perform general knowledge processing condi-
tioned on encoder semantics. Let z = (z1,. .., zm)
denote the sequence of English tokens generated
by the LLM. Rather than using the final-layer hid-
den states, we extract the penultimate-layer hidden
states, denoted as HZ € R™*% ag Zhang et al.
(2025a) show that the last layer is often tightly
aligned with the output vocabulary space, while
non-final layers retain richer semantic information.

To support multilingual generation, XBridge fur-
ther integrates a pretrained multilingual decoder
Dec(-) at the output side. Specifically, we apply a
decoder-side mapping Mappinggec(+) to project the
LLM hidden states into the decoder representation
space, obtaining H? € R™*4_ which are used
as key-value representations for cross-attention in
the decoder. Given target-language tokens (y) in
language L, as decoder inputs, the decoder gen-
erates the output sequence y by attending to HZ
producing text that follows the target-language dis-
tribution while remaining semantically grounded
in the LLM’s knowledge processing results.

3.2 Optimal Transport-Based Alignment

Although the mapped LLM representations H?
can be directly used as cross-attention inputs for
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multilingual decoding, token-level semantic mis-
alignment may arise due to heterogeneous tokeniza-
tions and representation spaces across models. To
encourage fine-grained semantic consistency at the
LLM-decoder interface, we introduce an optimal
transport (OT)-based alignment objective.

Specifically, given the English token sequence
z = (z1,...,2m) generated by the LLM, we re-
encode it using the same multilingual encoder
Enc(-), obtaining encoder representations H? €
RF*de where the sequence length k& may differ
from m due to heterogeneous tokenizers. Since
H? and the decoder-side LLM representations HZ
are both derived from the same LLM output, they
are semantically equivalent in expectation, despite
residing in different representation spaces. We
therefore align H? with H? to enforce token-level
semantic alignment.

Due to sequence length mismatch by heteroge-
neous tokenizers, we formulate the alignment as
an optimal transport problem (Peyré et al., 2019),
which computes a soft, many-to-many matching
between the two sequences. Concretely, we define
the OT distance between HZ and HZ as:

D" (H, B) = in 3" T c(H2, 1Y),

i,
m )
st Y Ty=m? Vie{l,... k}
j=1

where T;; denotes the transport mass from H to
fIJZI, and c¢(+, -) is the transport cost computed using
cosine distance. The mass distribution {m?} is
obtained by normalizing H?. Appendix A presents
details of the OT formulation and optimization.
The OT loss provides flexible, token-level super-
vision that is robust to length mismatch. By reg-
ularizing the decoder-side mapping with encoder-
derived representations of the LLM’s own outputs,
the OT objective encourages HZ to preserve se-
mantic structures compatible with the multilingual
encoder-decoder space. This alignment not only
improves multilingual generation quality, but also
indirectly facilitates more effective utilization of
multilingual encoder signals by the LLM.

3.3 Three-Stage Training Strategy

To ensure stable optimization across models and
objectives, XBridge employs a three-stage training
strategy that progressively aligns heterogeneous
representations and adapts the model to down-
stream tasks, keeping the LLM frozen throughout.

Stage 1: Cross-Model Mapping Due to the sub-
stantial representation gaps between the multilin-
gual encoder and the LLM, as well as between
the LLM and the multilingual decoder, directly
bridging heterogeneous components is non-trivial.
We therefore first establish coarse-grained seman-
tic alignment among the multilingual encoder, the
LLM, and the multilingual decoder using trilin-
gual translation data (x,z,y), where z is an En-
glish sequence generated by the LLM. In this stage,
only the encoder-side mapping Mappingenc, the
decoder-side mapping Mappinggec, and the de-
coder cross-attention layers are trained, optimizing
the LLM English generation loss, the multilingual
decoder generation loss, and the optimal transport
alignment loss. This stage enables the LLM to
interpret multilingual encoder representations and
allows the decoder to attend to LLM hidden states
for multilingual generation.

Stage 2: Encoder-Side Adaptation After cross-
model semantic alignment is established, the sec-
ond stage adapts multilingual input representa-
tions to downstream instruction-following tasks.
We fine-tune only the encoder-side mapping layer
Mappingenc On task-specific instruction data by op-
timizing the LLM English generation loss, while
keeping all decoder-related components frozen.
This stage teaches the LLM how to use multilingual
representations to perform tasks, building upon the
aligned representation space learned in stage 1.

Stage 3: Decoder-Side Adaptation The third
stage focuses on improving multilingual genera-
tion quality by adapting the LLM-decoder inter-
face. We update only Mappingge and the decoder
cross-attention layers, optimizing the multilingual
decoder generation loss together with the optimal
transport alignment loss. Separating this stage from
stage 2 avoids conflicts between LLM and decoder
objectives: stage 2 first stabilizes the conditional
distribution of the LLM outputs, which stage 3 then
exploits to enhance decoder performance without
degrading task understanding.

Training Objectives Given encoder input se-
quence x with encoder representations HX,
the LLM-generated English sequence z with
penultimate-layer hidden states HZ, decoder-
mapped representations HZ, and multilingual de-
coder output sequence y, the cross-entropy losses
of LLM and decoder are defined as:

Lce v = —logpim(z | x,inst).  (2)
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Svstem Low-Resource Languages High-Resource Languages Average

Yy Bn-En En-Bn Sw-En En-Sw | Ja-En En-Ja De-En En-De | X-En En-X
NLLB-200-1.3B | 37.78 32.83 42.66 3628 | 29.60 19.07  46.23 3991 | 37.51 31.00

MetaMath-7B
MetaMath-7B 1.46 0.67 3.33 1.75 27.62 16776  34.36 19.42 | 18.62 11.92
MindMerger 30.76 - 39.43 - 22.50 - 40.05 - 31.57 -
LayAlign 30.91 - 39.02 - 22.36 - 39.43 - 31.98 -
XBridge (Ours) 35.47 29.23 42.02 34.28 2452  19.60 41.42 35.39 | 3337 29.80
LLaMA3-8B
LLaMA3-8B 29.83 13.18 35.87 19.31 2771 2540 4528 36.24 | 35.19 27.36
MindMerger 33.86 - 41.81 - 25.48 - 42.52 - 33.88 -
LayAlign 32.95 - 41.35 - 24.62 - 41.29 - 33.18 -
XBridge (Ours) 37.09 28.42 44.73 34.68 27.63  20.12  45.75 3545 | 36.21 29.82
Aya-23-8B
Aya-23-8B 8.59 243 7.89 1.16 29.11 2934 4546 38.03 | 28.13 23.71
MindMerger 3341 - 41.56 - 24.96 - 41.78 - 33.44 -
LayAlign 3242 - 40.22 - 24.16 - 41.44 - 32.92 -
XBridge (Ours) 34.67 28.00 42.88 34.25 26.35 19.14 4440 33.78 | 33.70 28.85
QOwen2.5-7B-Instruct

Qwen2.5-7B-Instruct | 22.15 8.30 15.05 4.35 2592 25776 4232 32.10 | 30.21 24.75
MindMerger 34.20 - 42.75 - 25.43 - 43.46 - 34.71 -
LayAlign 33.39 - 41.26 - 26.11 - 42.12 - 34.02 -
XBridge (Ours) 35.89 27.59 43.24 34.55 25.50 18.66  44.55 33.02 | 34.69 28.64

Table 1: FLORES-101 translation results for stage 1. For clarity, we report results on two low-resource languages
(Bengali, Swahili) and two high-resource languages (Japanese, German), with complete results and COMET scores
in Appendix C. "X" denotes all languages except for English. We bold the best scores for each LLM group.

3)

Across stages, the overall training objective is:

ECE_Dec = - 1ngDec(y | I:IZ,a <y>)

L = MLcE LM + AN2LCE pec + A3Lor.  (4)

where different loss terms are activated depending
on the training stage, as illustrated in Figure 2.

4 Experiment

4.1 Experiment Setup

Base Models We evaluate XBridge on four rep-
resentative base LLMs: MetaMath-7B-V1.0 (Yu
et al., 2024), LLaMA3-8B (Grattafiori et al., 2024),
Aya-23-8B (Ustiin et al., 2024), and Qwen2.5-7B-
Instruct (Qwen et al., 2025). As the pretrained
encoder-decoder NMT model, we adopt NLLB-
200-1.3B (Team et al., 2022), which covers 200
languages with strong multilingual capacity.

Baselines We compare XBridge with these
strong baselines: (1) SFT performs multilingual
instruction fine-tuning directly on each base LLM.
(2) Translate-Test (Artetxe et al., 2023) translates
inputs to English, queries the English-SFT LLM,
and translates the output back to the target language.
(3) MindMerger (Huang et al., 2024) augments

the LLM input with a pretrained multilingual en-
coder to enhance multilingual understanding, form-
ing a strong multilingual-to-English system. (4)
LayAlign (Ruan et al., 2025) further extends Mind-
Merger with layer-wise fusion strategies to better
integrate encoder representations into the LLM.

Language Setup Following Chen et al. (2024),
we experiment on ten languages: Bengali (Bn),
German (De), English (En), Spanish (Es), French
(Fr), Japanese (Ja), Russian (Ru), Swabhili (Sw),
Thai (Th), and Chinese (Zh). These languages span
diverse language families and resource levels. We
treat Bn, Sw, and Th as low-resource languages,
and the remaining as high-resource ones.

Training Datasets For stage 1 training, we ex-
tract English-centric translation pairs from OPUS-
100 (Zhang et al., 2020). For XBridge, we further
translate the English sentences into other languages
L, using NLLB-200-3.3B, constructing trilingual
x-en-y data. For stage 2 and stage 3, we adopt mul-
tilingual mathematical reasoning data from Ruan
et al. (2025) and multilingual abstractive summa-
rization data from XL-Sum (Hasan et al., 2021).
For XBridge, we construct bilingual responses us-
ing NLLB-200-3.3B. Appendix B presents details
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Figure 3: Multilingual reasoning accuracy on MGSM and multilingual summarization Rouge-L on XL-Sum, with
complete results in Appendix C. Models with the same base LLM share the same color scheme, where lighter shades
denote baselines and darker shades denote XBridge. "XBridge-LLM" refers to English reasoning by the LLM,
while "XBridge-Dec" refers to multilingual reasoning by the composed decoder. For XL-Sum, since the baselines
produce English-only summaries, we translate them into target languages using NLLB-200-1.3B for evaluation.

about data processing and statistics.

Evaluation Benchmarks For stage 1, we eval-
uate cross-model mapping quality on FLORES-
101 (Goyal et al., 2022). Given the strong En-
glish ability of LLMs, we use x-en and en-x trans-
lation performance to measure multilingual under-
standing and generation, respectively, and report
BLEU (Papineni et al., 2002) and COMET (Rei
et al., 2020) scores. For base LL.Ms, we leverage
MMT-LLM (Zhu et al., 2024) framework to eval-
uate translation capability in a 1-shot setting. For
stage 2 and stage 3, we evaluate multilingual rea-
soning on MGSM (Shi et al., 2023) with Accuracy,
and multilingual abstractive summarization on XL-
Sum with multilingual Rouge-L (Lin, 2004).

Model Configuration and Training Details The
encoder-side mapping is implemented as a two-
layer multi-layer perceptron (MLP), while the
decoder-side mapping is a four-layer MLP com-

posed of two stacked two-layer MLP blocks. All
intermediate dimensions are aligned with the LLM
hidden size. We use the AdamW optimizer with
a learning rate of 2 x 107?, train each stage for
3 epochs with a batch size of 128, and conduct
experiments on 8 NVIDIA H800 GPUs. We empir-
ically set Ay = 1.0, Ao = 1.0, and A2 = 6.0 when
the corresponding losses are active, with detailed
activation schedules described in Section 3.3.

4.2 Experimental Results

XBridge effectively offloads multilingual capa-
bility to the external multilingual model, while
preserving the LLM as a knowledge and reason-
ing core. Table 1 evaluates the cross-model map-
ping learned in stage 1 on FLORES-101. Across all
base LLMs, XBridge substantially improves both
multilingual understanding and generation, with
especially large gains on low-resource languages
where base LLMs have limited capability. The
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"Joint Stage 2&3". “Lr1”, “Hrl”, and “Avg” denote low-, high-resource, and average performance, respectively.

performance of XBridge approaches that of the ex-
ternal NLLB-200-1.3B and outperforms encoder-
augmented baselines, showing that XBridge can
effectively offload multilingual ability to external
NMT models while keeping the LLM frozen as a
knowledge and reasoning core. Importantly, perfor-
mance on high-resource languages remains compa-
rable to base LLMs, indicating that offloading does
not degrade the original strengths of LLMs.

Encoder adaptation improves multilingual un-
derstanding without degrading English perfor-
mance. Figure 3 presents multilingual reason-
ing accuracy on MGSM after encoder adapta-
tion. XBridge outperforms the base LLM, encoder-
only baselines, and the Translate-Test pipeline.
Since MGSM accuracy is language-agnostic, these
gains directly reflect better semantic transfer be-
tween multilingual encoder representations and the
LLM reasoning space. These results indicate that
encoder-side adaptation facilitates more effective
utilization of multilingual representations by the
LLM, improving multilingual reasoning without
sacrificing its English-centric reasoning capability.

Decoder adaptation achieves faithful multilin-
gual generation. We further evaluate decoder
adaptation on MGSM and XL-Sum in Figure 3.
On MGSM, decoder-generated multilingual rea-
soning (XBridge_Dec) achieves accuracy compa-
rable to English LL.M outputs, suggesting that the
decoder can faithfully express reasoning content
across languages. On XL-Sum, XBridge consis-
tently outperforms encoder-augmented baselines
and achieves better average performance than the
SFT baseline, with particularly clear gains on lan-
guages where multilingual generation is more chal-
lenging. While translation-cascaded systems are
limited by the NMT model, XBridge directly lever-

ages the LLM’s knowledge through decoder adap-
tation, resulting in more stable multilingual genera-
tion across languages. These results demonstrate
the importance of decoder adaptation for robust
multilingual generation.

5 Analysis

5.1 Ablation Analysis

We conduct the ablation study on MetaMath-7B-
V1.0 to analyze the contribution of each component
and training strategies in XBridge, and evaluate
ablated variants on FLORES-101, MGSM, and XL-
Sum. Figure 4 presents the results, and Appendix C
provides detailed results.

Encoder-Decoder Collaboration Removing the
decoder (W/o Decoder) achieves competitive
multilingual-to-English understanding but fails to
support multilingual generation, and underper-
forms XBridge on MGSM. This confirms that
encoder-only augmentation is insufficient for mul-
tilingual reasoning and generation.

OT Alignment Objectives Similarly, removing
the OT alignment (w/o OT) leads to performance
degradation on all benchmarks, particularly for
multilingual generation, indicating that token-level
soft alignment plays a crucial role in bridging
heterogeneous representation spaces between the
LLM and the multilingual decoder.

Stage-Wise Optimization Skipping stage 1 (w/o
Stage 1) results in a substantial performance drop
across all metrics, suggesting that direct task-level
adaptation is insufficient when the representation
gap between the LLM and the multilingual model
remains large. Moreover, jointly training stage 2
and stage 3 (Joint Stage 2&3) underperforms the
stage-wise optimization, reflecting a trade-off be-
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Figure 6: Evaluation for language-on-demand genera-
tion. Appendix C presents detailed results.

tween LLM- and decoder-side generation objec-
tives. These results support the design of stage-
wise adaptation, where coarse-grained cross-model
alignment is first established, followed by fine-
grained encoder and decoder specialization, en-
abling XBridge to achieve stable and effective mul-
tilingual reasoning and generation.

5.2 Generalization to Untuned Languages

To examine whether the cross-model mappings
learned by XBridge are language-agnostic rather
than simply tied to specific training languages, we
evaluate cross-model cross-lingual transfer on 41
untuned languages (listed in Table 3) in Figure 5,
based on variants of Section 5.1.

XBridge yields substantial gains on untuned lan-
guages over the base LLM, with performance ap-
proaching the external NLLB model. This indicates
that stage 1 cross-model mapping learns language-
agnostic semantic transfer that generalizes beyond
tuned languages, rather than language-specific map-
ping. Meanwhile, performance in the En—X direc-
tions highlights the importance of optimal transport.
Removing the OT objective leads to a substantial
drop in generation quality, particularly where to-
kenization length differs across different tokeniz-
ers. These results suggest that OT enables robust

60 « Encoder (H%)
#| « Mappingoe (H?) 60 TS
L rbPingoe ()] -

« Encoder (H?)
Mappingpec (H?)

—60 —40 -20 0 20 40 60 -100 -50 0 50 100
X
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Figure 7: Visualization of sentence-level representation
alignment for Chinese (Zh). We compare models trained
without OT (left) and with OT (right) using t-SNE.

alignment between heterogeneous tokenizations,
which is crucial for generalizable multilingual gen-
eration. Overall, the results demonstrate that cross-
model semantic alignment generalizes across lan-
guages, while OT is crucial for achieving reliable
generation-level generalization.

5.3 Language-on-Demand Generation

We verify the language-on-demand property of
XBridge by switching the target language token
(y) to generate outputs in arbitrary languages with-
out retraining in Figure 6.

On FLORES-101, we evaluate translation be-
tween all language pairs. With the target language
fixed, changing the source language causes only mi-
nor performance differences, while variations pri-
marily depend on the target language. On MGSM,
we force the decoder to generate responses in lan-
guages different from the input query language. For
each input language, performance remains largely
stable across different output languages. These re-
sults indicate that XBridge enables stable language-
on-demand generation, supporting flexible multilin-
gual outputs while preserving a language-agnostic
reasoning core in the LLM.
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low markers placed on the bottom boundary indicate
models that lack En—X translation capability. Ap-
pendix C presents detailed results.

5.4 Representation Visualization

To analyze the effect of optimal transport (OT)
on aligning heterogeneous representations, we vi-
sualize sentence-level hidden states for each lan-
guage. Specifically, we compare encoder represen-
tations of LLM English outputs H* with decoder-
side representations after mapping HZ. We ob-
tain sentence-level vectors via average pooling and
project them to 2-dim for visualization using t-
SNE (Van der Maaten and Hinton, 2008).

As shown in Figure 7, without OT, the two sets
of representations form largely separate clusters,
reflecting a substantial distribution gap at the LLM-
decoder interface. In contrast, when OT is applied,
the two sets of representations overlap substan-
tially, with density contours largely merged, in-
dicating that OT promotes fine-grained semantic
consistency and reduces token-level misalignment
across model components.

5.5 Composing with Different NMT Models

To further examine the generality of XBridge be-
yond a specific NMT backbone, we replace the
multilingual NMT model with M2M100-1.2B (Fan
et al., 2021) in Figure 8 while keeping the same
training and evaluation settings as in Section 4.
XBridge remains effective when composed
with M2M100-1.2B. On FLORES-101, XBridge
achieves strong cross-model transfer across low-
and high-resource language directions, demonstrat-
ing that the lightweight mapping layers can reli-
ably bridge NMT models and LLMs. On MGSM,
XBridge outperforms the translation-cascaded base-
line, indicating that the benefits of XBridge ex-
tend beyond translation quality to multilingual rea-
soning. Overall, these results demonstrate that
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Figure 9: MetaMath-7B composed with NLLB in dif-
ferent sizes (600M vs. 1.3B). “Lrl”, “Hrl”, and “Avg”
denote low-, high-resource, and average performance,
respectively. Appendix C presents detailed results.

XBridge is an architecture-agnostic framework that
generalizes across both different LLM backbones
and multilingual NMT backbones.

5.6 Impact of NMT Model Size

We further investigate the impact of NMT model
capacity on XBridge by comparing NLLB-200-
600M and NLLB-200-1.3B, both integrated with
MetaMath-7B. Figure 9 presents the results.

On FLORES-101, larger NLLB models consis-
tently improve multilingual capability across lan-
guages, indicating that stronger multilingual capac-
ity in the composed NMT model leads to better mul-
tilingual understanding and generation. On MGSM,
increasing the NLLB size brings only marginal
changes in reasoning accuracy, suggesting that rea-
soning performance is primarily determined by the
LLM core. These results align with our design,
indicating that the quality of the composed NMT
model directly influences cross-model mapping,
while reasoning remains governed by the LLM.

5.7 Supplementary Analysis

We conduct supplementary analysis, including effi-
ciency analysis (Appendix D.1), the case study on
MGSM (Appendix D.2), and evaluation on multi-
lingual commonsense reasoning (Appendix D.3).

6 Conclusion

In this paper, we propose XBridge, a compositional
framework that offloads multilingual capability to
an external encoder-decoder NMT model, while
preserving the LLM as an English-centric core
for general knowledge processing. Extensive ex-
periments demonstrate that XBridge enables effi-
cient multilingual extension, raising low-resource
and unseen language performance to near external
NMT, without compromising LLLM’s core abilities.
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Limitations

While XBridge substantially mitigates multilin-
gual imbalance, notably improving performance
on low-resource and previously unseen languages
for LLMs, the overall model still exhibits some im-
balance in multilingual capabilities. This is primar-
ily due to the combined influence of the external
encoder-decoder NMT model and the base LLM,
which limits complete uniformity across languages.
Future work could further explore strategies to har-
monize these components.
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A Optimal Transport Algorithm for
Heterogeneous Representations

In this section, we briefly review the standard OT
formulation and describe how it is adapted to align
heterogeneous and unequal-length representation
sequences in XBridge.

A.1 Optimal Transport Between Discrete
Distributions

Optimal Transport (OT) provides a principled
framework for measuring the discrepancy between
two probability distributions by minimizing the
cost of transporting probability mass from one dis-
tribution to the other (Peyré et al., 2019). Consider
the following discrete transport problem: given two
probability distributions P and @),

=1

n’ (5)
Q= {(w;’m;)}?/:h S-t.ij =1.
7=1

where each support point w;, fw;- € R? is associ-

ated with a non-negative probability mass m;, m;
Given a cost function c(w;, w}) that measures the
unit cost of transporting mass from w; to w}, the

transport cost between P and () is defined as:

p— 1 .. . /4
D(Pa Q) - r%lélg - T’L] C(U}Z, wj)7
Z?J

n/
S.t. ZTZ‘]' =m;, Vi € {1, R ,n}, (6)
j=1

n
ZTU = m;,Vj S {1,...,71/}.
i=1

where T';; denotes the mass transported from w; to

/
wj.

A.2 OT for Aligning Unequal-Length
Representation Sequences

In XBridge, we apply OT to align two heteroge-
neous token representation sequences:

H” = (HZ,...,H?),

~ Zl ~ Zl ~ Zl (7)

H” = (HY,...,HZ%).
where & # m in general due to different tok-
enization schemes. Both sequences originate from
the same underlying LLM output but are obtained
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through different encoding pathways, making ex-
plicit token-wise correspondence unavailable.

We formulate their alignment as the following
OT problem:

D H) = min > Ty; o(HF, 1),

4,J
m
st Y Ty =mf Vi€ {l,... k}, @)
j=1
k
ZTZ']‘ = mjz-/,Vj S {1,...,m}.
=1

where the cost function ¢(-, -) is defined as cosine
distance.

The probability masses m? and mjzl are obtained
by normalizing the ¢; norms of the correspond-
ing representations. This choice is motivated by
prior work (Schakel and Wilson, 2015; Yokoi et al.,
2020) showing that embedding norms correlate
with token importance, with semantically salient
words exhibiting larger magnitudes.

A.3 Approximate OT via Relaxed Marginal
Constraints

Solving the exact OT problem requires O(n?) lin-
ear programming, which is computationally pro-
hibitive for long sequences. While entropic regu-
larization methods such as Sinkhorn (Cuturi, 2013)
or IPOT (Xie et al., 2020) provide approximate
solutions, they still introduce significant overhead
during training.

Following Kusner et al. (2015), we adopt a re-
laxed OT formulation by removing the second
marginal constraint:

l7]

m )]
st. Y Tiy=mf, Vie{l,... Kk}
7=1

This relaxation yields a lower bound of the ex-
act OT distance and admits a closed-form solution:
each representation H” transports all its probabil-
ity mass to the most similar ijZ' under the cosine
distance. The resulting transport plan naturally sup-
ports unequal-length alignments, making it well-
suited for sequences with heterogeneous tokeniza-
tions.

A.4 Role in XBridge

The proposed OT alignment provides a principled
mechanism for aligning heterogeneous representa-

tions without assuming positional correspondence.
Moreover, since the multilingual encoder is frozen
during training, the relaxed OT objective anchors
the alignment to encoder-defined semantic geom-
etry, encouraging decoder-side representations to
remain compatible with the multilingual encoder-
decoder space. Despite its simplicity, this approx-
imation is sufficient for our setting, as the goal is
semantic compatibility regularization rather than
exact distribution matching.

B Details for Training Data

Translation Data in Stage1 We sample English-
centric translation pairs from OPUS-100 (Zhang
et al., 2020) and filter the off-target pairs, with 50k
samples per translation direction. For XBridge,
we further translate English sentences into other
languages L, using NLLB-200-3.3B to construct
trilingual x-en-y data. To mitigate translation
noise in generation, we train XBridge using y-en-x,
where the encoder processes translated sentences
and the decoder processes natural sentences.

Multilingual Reasoning Data and Multilingual
Abstractive Summarization Data in Stage 2 and
Stage 3 We extract multilingual reasoning data
from Ruan et al. (2025), which contains 30K sam-
ples per language across ten languages (the same as
in Section 4.1). We extract multilingual abstractive
summarization data from XL-Sum (Hasan et al.,
2021). XL-Sum contains imbalanced multilingual
data, and we have set the data upper limit to 30K.
For XBridge, we additionally construct bilingual
responses using NLLB-200-3.3B.

Data Statistics Figure 10 presents detailed data
statistics for the training data.

C Detailed Results

Table 4, Table 6 and Table 7 present detailed
BLEU scores on FLORES-101 (COMET scores
in Table 5), accuracy on MGSM, and multilingual
Rouge-L on XL-Sum for the main experiments in
Section 4.

Table 8, Table 9 and Table 10 present results for
the ablation study in Section 5.1.

Table 3 presents the included untuned languages
and corresponding language codes. Table 11
presents detailed results for untuned language gen-
eralization in Section 5.2.

Table 12 presents BLEU scores for cross-lingual
generation on FLORES-101, and Table 13 presents
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Task Languages Data Composition Total Size
Translation EEZ IS):;” ITE‘EZ E;’ Fr, Ja, 50K * 72 translation directions 3.6M
Multilingual Reasoning EEZ IS)\‘;’, E,E: E;’ Fr, Ja, 30K * 10 language 300K
Multilingual Abstractive  Bn, En, Es, Fr, Ja, Ru, ?;}‘7%’;1‘230%’8%:g%ﬁi{%% -

Summarization Sw, Th, Zh

Zh-30K

Figure 10: Statistics of training datasets used in different stages.

System \ Training Inference
SFT 1.0x 1.0x
Translate-Test - 0.55x
MindMerger 1.42x 0.85x
XBridge 0.91x 0.66x

Table 2: Relative speed comparison.

Accuracy for language-on-demand generation on
MGSM in Section 5.3.

Table 14 and Table 15 present results for
LLaMA3-8B composed with M2M100-1.2B in
Section 5.5.

Table 17 and Table 16 present results for
MetaMath-7B composed with NLLB-200 in dif-
ferent sizes (600M vs. 1.3B) in Section 5.6.

D Supplementary Analysis
D.1 Efficiency Analysis

We compare the training and inference efficiency
of XBridge with SFT (LLM-only), MindMerger
(Encoder-LLM), and the cascaded Translate-Test
pipeline in Table 2. XBridge introduces only a
limited training overhead despite the additional en-
coder and decoder, due to its parameter-efficient
design. For inference, XBridge is slower than the
LLM-only method due to the additional decoding
for multilingual generation, but it remains faster
than the cascaded Translate-Test pipeline. Overall,
XBridge trades moderate computational cost for
improved multilingual generation quality and ro-
bustness, while avoiding the inefficiency and error
accumulation of cascaded systems.

D.2 Case Study on MGSM

In the case study, we compare the outputs of
MindMerger, LayAlign, and XBridge in Fig-
ure 11.  MindMerger and LayAlign adopt

encoder-augmented architectures, which only en-
able multilingual-to-English processing. As a re-
sult, the generated responses are always in English,
which is less friendly for multilingual users who ex-
pect outputs in their native languages. In contrast,
XBridge supports controllable target-language gen-
eration by explicitly specifying the decoder lan-
guage token, allowing the model to produce re-
sponses in different languages as required. This
demonstrates the advantage of the compositional
encoder-LLM-decoder design in providing flexible
multilingual generation.

D.3 Multilingual Commonsense Reasoning

We further extend XBridge to X-CSQA (Lin et al.,
2021) to evaluate both cross-lingual understand-
ing and logical reasoning. We report results on
MetaMath-7B and LLLaMA3-8B across eight lan-
guages in Figure 12. XBridge outperforms Mind-
Merger and LayAlign on MetaMath-7B across
most languages, yielding the highest average accu-
racy. Notably, the gains are more pronounced on
non-English languages, while English performance
is preserved. This suggests that XBridge effec-
tively enhances multilingual understanding without
degrading the base model’s reasoning ability, and
achieves more balanced multilingual reasoning per-
formance across languages.

20876



Query: HF—HEFHEE 2 NESHEMEFIX ME—FHNOeH R, C—HFERESOIUHR?

System Responses

If 2 blue fibers are needed, then half that amount of white fibers is 2/2 = 1 white fiber.\nSo, in total, 2 blue fibers +

MindMerger 1 white fiber = 3 fibers are needed.\n#### 3\nThe answer is: 3

If it takes 2 yards of blue fabric to make a robe, then it takes 2/2 = 1 yard of white fabric.\nln total, it takes 2 yards
of blue fabric + 1 yard of white fabric = 3 yards of fabric.\n#### 3\nThe answer is: 3

<ben_Beng> o1 IR LU 2| SCLE AN 2/ = 5 | STSATE, ST FIRAMII LA S | STSATS,
TFIRIAMIS (NG AL 2 6 e FIRAF + > 6 51 F12A17 = © G F12I1 e 3 BB =4 ©

<deu_Latn> Die Anzahl der gebrauchten blauen Stoffe betrdgt 2. Die Hélfte dieser Anzahl ist 2/2 = 1. Also ist die
Anzahl der benétigten weilen Stoffe 1 . Daher betrégt die Gesamtzahl der bendtigten Stoffe 2 blaue Stoffe + 1
weille Stoffe = 3 Stoffe.

LayAlign

<eng_Latn> The number of blue fibers needed is 2. Half of that number is 2/2 = 1. So, the number of white fibers
needed is 1. Therefore, the total number of fibers needed is 2 blue fibers + 1 white fiber = 3 fibers. #### 3 The
answer is: 3

<spa_Latn> El nimero de fibras azules necesarias es 2. La mitad de ese numero es 2/2 = 1. Asi, el nimero de
fibras blancas necesarias es 1. Por lo tanto, el nimero total de fibras necesarias es 2 fibras azules + 1 fibra blanca
=3 fibras. #### 3 La respuesta es: 3

<fra_Latn> Le nombre de fibres bleues nécessaires est de 2. La moitié de ce nombre est de 2/2 = 1. Donc, le
. nombre de fibres blanches nécessaires est de 1. Par conséquent, le nombre total de fibres nécessaires est de 2
XBridge fibres bleues + 1 fibres blanches = 3 fibres.

<jpn_Jpan> FWHHEOHII2TT. ZOHOEDIZ22=1TT. LA > THEHABWEHEOKILITT.
L7=h' > THBRMHEOREIZ2D DF VB DO B WEI=3D DM w3 5213:3
<rus_Cyrl> KonuuectBo cuHux TkaHei, He0OX0UMBbIX, paBHseTcs 2. [TonoBuHa 3TOr0 UKcna paBHseTcs 2/2 = 1.

Takum 00pa3oM, KOJIMYECTBO OENbIX TKAaHEH, HEOOXOMUMBIX, paBHsieTcst 1. Takum 0Opa3oM, odliee KOJTUIeCcTBO
TKaHEH, HEOOXOANMBIX, paBHSCTCS 2 CHHUM TKaHsAM + | OGeroMy TkaHIO = 3 TkaHsM. #### 3 OtBer: 3

<swh_Latn> Idadi ya nyuzi za bluu zinahitajika ni 2. Nusu ya idadi hiyo ni 2/2 = 1. Kwa hiyo, idadi ya nyuzi
nyeupe zinahitajika ni 1. Kwa hiyo, jumla ya idadi ya nyuzi zinahitajika ni nyuzi 2 za bluu + nyuzi 1 nyeupe =
nyuzi 3. #### 3 Jibu ni: 3

<tha_Thai> swnuidediniidesmsae 2 afmilswasinuiuiude 2/2 = 1 duiu Suwdeduniisesnisde 1 duiu
Nuudonidosnsrianuade 2 1WodH + 1 ifodu =3 19s

<zho_Hans> ISEBAIHE T2 FTENHEEHER2/2=1. FLAFTENEEHERT. Bt rFNSHE2D
BENHMEH 1M EBRRE=3. #### 3 BRE:

Figure 11: Case study on multilingual reasoning. Red text indicates the language token fed to the decoder, which
controls the target generation language.
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—— MindMerger —— LayerAlign —— XBridge
Es Es

Sw Sw
MetaMath-7B LLaMA3-8B

Figure 12: Radar plot comparison on X-CSQA.

ISO 639-1 Language ISO 639-1 Language ISO 639-1 Language
Af Akrikaans It Italian Pl Polish
Ar Arabic Ka Georgian Ps Pashto
Az Azerbaijani Kk Kazakh Pt Portuguese
Cs Czech Km Khmer Ro Romanian
El Modern Greek Ko Korean Sl Slovenian
Et Estonian Lt Lithuanian Sv Swedish
Fa Persian Lv Latvian Ta Tamil
Fi Finnish Mk Macedonian Te Telugu
Gl Galician Ml Malayalam Tr Turkish
Gu Gujarati Mn Mongolian Uk Ukrainian
He Hebrew Mr Marathi Ur Urdu
Hi Hindi My Burmese Vi Vietnamese
Hr Croatian Ne Nepali Xh Xhosa
1d Indonesian Nl Dutch

Table 3: The included 41 untuned languages and corresponding language codes.
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System Bn-En En-Bn De-En En-De Es-En En-Es Fr-En  En-Fr Ja-En En-Ja

NLLB-200-1.3B 37.78 32.83 46.23 3991 3537 31.35 47.14 51.33 29.60 19.07
MetaMath-7B
MetaMath-7B 1.46 0.67 34.36 1942 3633 2742 15.54 11.64 27.62 16.76
MindMerger 30.76 - 40.05 - 28.77 - 38.65 - 22.50 -
LayerAlign 30.91 - 39.43 - 30.16 - 40.48 - 22.36 -
XBridge (Ours) 3547  29.23 41.42 35.39 30.51 28.88 42.14 4949 2452 19.60
LLaMA3-8B
LLaMA3-8B 29.83 13.18 45.28 36.24 33.65 2886 46.18 47.04 27.71 25.40
MindMerger 33.86 - 42.52 - 30.70 - 41.47 - 25.48 -
LayerAlign 32.95 - 41.29 - 30.36 - 39.40 - 24.62 -
XBridge (Ours) 37.09 2842 45.75 35.45 32.00 29.59 46.10 4938 27.63 20.12
Aya-23-8B
Aya-23-8B 8.59 243 45.46 38.03 3322 3050 46.17 4945 29.11 29.34
MindMerger 33.41 - 41.78 - 30.75 - 40.26 - 24.96 -
LayerAlign 32.42 - 41.44 - 30.75 - 39.86 - 24.16 -
XBridge (Ours) 34.67 28.00 44.40 33.78 31.36  28.71 42,05 4847 2635 19.14

Owen2.5-7B-Instruct
Qwen2.5-7B-Instruct  22.15 8.30 4232 3210 3215 2931 4386 4509 2592 2576

MindMerger 34.20 - 43.46 - 31.99 - 42.00 - 25.43 -
LayerAlign 33.39 - 42.12 - 31.17 - 40.58 - 26.11 -
XBridge (Ours) 35.89 27.59 4455 33.02 3152 2822 4264 4780 2550 18.66
System Ru-En  En-Ru  Sw-En  En-Sw Th-En En-Th Zh-En En-Zh X-En En-X
NLLB-200-1.3B 38.06 3372  42.66 36.28 30.82 1746 2990 17.07 37.51 31.00
MetaMath-7B
MetaMath-7B 26.21 19.34 3.33 1.75 3.82 0.72 18.93 9.58 18.62 11.92
MindMerger 32.82 - 39.43 - 26.63 - 24.49 - 31.57 -
LayerAlign 34.28 - 39.02 - 26.56 - 24.59 - 31.98 -
XBridge (Ours) 3497 31.03 42.02 3428 2830 17.23 2097 23.04 3337 29.80
LLaMA3-8B
LLaMA3-8B 37.31 3049 3587 19.31 3039 1980 3046 2590 3519 27.36
MindMerger 34.16 - 41.81 - 29.14 - 25.76 - 33.88 -
LayerAlign 34.32 - 41.35 - 28.66 - 25.63 - 33.18 -
XBridge (Ours) 37.08 3057 4473  34.68 30.61 17.09 2489 23.11 36.21 29.82
Aya-23-8B
Aya-23-8B 3710  33.01 7.89 1.16 14.72 2.11 30.89 2732 28.13 23.71
MindMerger 34.50 - 41.56 - 28.34 - 25.40 - 33.44 -
LayerAlign 34.64 - 40.22 - 27.62 - 25.15 - 32.92 -
XBridge (Ours) 33.74 2890 4288 3425 2895 16.52 1894 21.87 33.70 28.85

Owen2.5-7B-Instruct
Qwen2.5-7B-Instruct  32.81  27.98 15.05 4.35 2627  19.89 31.34 2999 3021 2475

MindMerger 3547 - 42.75 - 29.52 - 27.59 - 34.71 -
LayerAlign 34.97 - 41.26 - 28.91 - 27.66 - 34.02 -
XBridge (Ours) 3506 29.77 4324 3455 29.01 1626 2478  21.89 34.69 28.64

Table 4: Detailed BLEU scores on FLORES-101 for stage 1. "X" denotes all languages except for English. We bold
the best scores for each LLM group.
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System Bn-En En-Bn De-En En-De Es-En En-Es Fr-En  En-Fr Ja-En En-Ja

NLLB-200-1.3B 88.30  85.67 88.80 86.12 86.72 85.68 88.83 87.05 87.05 86.45
MetaMath-7B
MetaMath-7B 50.85 35.10 86.25 76.59 8439 7849 86.84 7845 82.62 76.35
MindMerger 86.87 - 87.81 - 85.52 - 87.64 - 84.94 -
LayerAlign 87.10 - 87.77 - 85.75 - 87.77 - 84.78 -
XBridge (Ours) 88.03  84.98 88.17 85.31 86.16 85.26 88.07 86.53 86.04 85.99
LLaMA3-8B
LLaMA3-8B 86.21 69.38 88.83 85.62 86.89 8522 8896 86.45 86.90 87.47
MindMerger 87.52 - 88.29 - 85.89 - 87.86 - 85.68 -
LayerAlign 87.35 - 87.88 - 85.45 - 87.10 - 85.53 -
XBridge (Ours) 88.53 84.77 88.97 85.57 86.66 8523 8892 86.53 87.01 85.33
Aya-23-8B
Aya-23-8B 68.76  40.01 88.40 85.27 86.42 8526 88.37 86.85 86.97 89.75
MindMerger 87.89 - 88.32 - 86.28 - 88.08 - 86.11 -
LayerAlign 87.66 - 88.28 - 86.05 - 87.84 - 85.70 -
XBridge (Ours) 88.12 84.40 88.80 84.45 8648 8486 8833 86.22 86.78 8545

Owen2.5-7B-Instruct
Qwen2.5-7B-Instruct  83.02  61.32  88.13 8431 86.28 8535 8821 86.42 86.06 88.76

MindMerger 88.07 - 88.75 - 86.52 - 88.31 - 85.94 -
LayerAlign 88.07 - 88.52 - 86.32 - 88.01 - 86.65 -
XBridge (Ours) 88.25 84.65 88.80 8436 8658 8470 88.52 85.87 86.48 84.87
System Ru-En  En-Ru  Sw-En  En-Sw Th-En En-Th Zh-En En-Zh X-En En-X
NLLB-200-1.3B 86.20  88.02  85.11 83.07 8639 80.17 85.66 7698 87.01 84.36
MetaMath-7B
MetaMath-7B 83.41 7245  49.89 4348  58.68 3953 8232 45.69 7392 60.68
MindMerger 85.06 - 84.88 - 85.14 - 83.96 - 85.76 -
LayerAlign 85.51 - 84.95 - 85.30 - 84.42 - 85.93 -
XBridge (Ours) 85.38  86.65  84.87 80.23 86.07 8138 82.00 83.52 86.09 84.43
LLaMA3-8B
LLaMA3-8B 86.19 87.17 8274 7406 87.04 8354 8633 8593 86.68 82.76
MindMerger 85.33 - 85.30 - 85.83 - 84.48 - 86.24 -
LayerAlign 85.24 - 85.25 - 85.74 - 84.13 - 85.96 -
XBridge (Ours) 86.23 86.27 85.63 80.19 8679 81.12 84.64 8346 87.04 84.27
Aya-23-8B
Aya-23-8B 85.87  88.02 54.36 3149 7640 4821 86.14 86.88 80.19 71.31
MindMerger 85.80 - 85.43 - 86.07 - 84.53 - 86.50 -
LayerAlign 85.74 - 85.32 - 85.78 - 84.55 - 86.32 -
XBridge (Ours) 85.88 85.87 8536  80.03 8639 81.03 8323 82.80 86.60 83.90

Owen2.5-7B-Instruct
Qwen2.5-7B-Instruct  84.22  84.68  64.52 4692 8494 84.00 86.86 88.30 83.58 78.90

MindMerger 85.95 - 85.82 - 86.49 - 85.62 - 86.83 -
LayerAlign 85.82 - 85.66 - 86.42 - 85.61 - 86.79 -
XBridge (Ours) 8591 85.80 8543 80.23 86.45 80.51 8499 8279 86.82 83.75

Table 5: Detailed COMET scores on FLORES-101 for stage 1. "X" denotes all languages except for English. We
bold the best scores for each LLM group.
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System Bn De En Es Fr Ja Ru Sw Th Zh Avg
MetaMath-7B

SFT 30.00 4040 48.00 39.60 39.20 3240 39.60 3520 32.80 36.00 37.32
Translate-Test 3480 4920 5320 47.60 4080 4520 4920 4320 3240 46.00 44.16
MindMerger 43.60 5720 67.20 59.20 60.00 45.60 57.60 4920 4240 4880 53.08
LayerAlign 4040 5480 62.80 5920 5240 51.60 56.40 53.20 47.20 5120 5292

XBridge LLM (Ours) 4840 54.80 67.20 60.80 57.20 4720 57.60 4640 4560 52.80 53.80
XBridge_Dec (Ours) 4720 5280 66.80 60.00 51.60 44.80 56.00 4560 4440 52.00 52.12

LLaMA3-8B
SFT 38.80 4640 54.00 54.80 44.40 38.80 4520 4080 44.00 4920 45.64
Translate-Test 4040 56.00 62.00 5480 5480 51.60 5720 46.80 3520 48.00 50.68
MindMerger 49.60 54.80 60.00 56.80 55.60 50.00 5520 48.00 4640 50.80 52.72
LayerAlign 50.00 56.00 6240 60.40 57.60 50.00 56.80 47.60 48.80 52.80 54.24

XBridge_LLM (Ours) 47.20 59.20 65.20 62.00 62.00 50.80 60.40 49.60 54.40 56.40 56.72
XBridge_Dec (Ours) 46.00 56.80 62.80 6120 5720 4640 5840 49.60 5120 5520 5448

Aya-23-8B
SFT 33.60 52.80 50.80 47.60 43.60 4640 4640 38.80 39.20 42.00 44.12
Translate-Test 34.00 50.00 57.20 4840 4560 42.80 5040 43.60 3320 50.80 45.60
MindMerger 40.80 49.60 48.00 48.00 46.00 42.40 48.00 4240 33.60 40.40 43.92
LayerAlign 41.60 4520 4920 4880 4840 44.00 46.80 41.20 37.60 46.00 44.88

XBridge_LLM (Ours) 4440 4920 56.80 53.20 50.00 47.20 49.20 44.80 37.60 46.00 47.84
XBridge_Dec (Ours) 4480 46.40 56.80 5320 4640 4640 49.20 44.80 34.00 44.00 46.60

Qwen2.5-7B-Instruct

SFT 49.60 64.00 6640 59.60 5840 5440 60.00 4840 62.80 67.60 59.12
Translate-Test 4320 67.60 7440 6240 6040 59.60 6320 5840 44.00 6280 59.60
MindMerger 6040 71.60 83.60 7640 73.60 6480 77.20 6520 6640 70.00 70.92
LayerAlign 65.60 7520 8320 7840 7400 6280 7440 6680 6560 6880 71.48

XBridge_ LLM (Ours) 6320 7440 83.60 7720 72.80 6520 74.00 67.60 68.40 71.60 71.80
XBridge_Dec (Ours) 60.80 7240 8320 76.00 6560 5920 7240 66.80 64.00 70.40 69.08

Table 6: Detailed accuracy results on MGSM. "XBridge-LLM" denotes English reasoning outputs from the LLM,
while "XBridge-Dec" denotes multilingual reasoning outputs via the external decoder. We bold the best scores for
each LLM group.

System Bn En Es Fr Ja Ru Sw Th Zh Avg
MetaMath-7B

SFT 16.79 33.27 23.68 2842 2920 2542 27.01 18.68 20.16 24.74

MindMerger 1793 2727 21.03 26.05 28.11 2225 2649 19.20 18.56 22.99

LayerAlign 17.94 2884 2149 2631 27.55 2222 2629 20.09 19.02 23.30

XBridge (Ours) 1893 31.66 22.75 2796 3212 24.64 2890 2070 24.12 25.75
LLaMA3-8B

SFT 20.87 33.59 23.84 30.18 3042 26.12 28.73 2251 21.72 26.44

MindMerger 1876 31.29 22.88 27.84 29.02 2397 27.63 2047 19.75 24.62

LayerAlign 18.78 30.78 2298 27.47 2855 2359 2758 2048 19.56 2442

XBridge (Ours) 20.65 33.94 24.87 29.62 33.74 2642 30.75 2319 2591 27.68

Aya-23-8B

SFT 17.68 3497 24.88 29.78 3143 2696 26.11 20.14 21.70 25.96

MindMerger 18.49 31.87 2254 2740 2821 2349 2736 2023 1945 2434

LayerAlign 1793 3156 2223 26.83 28.17 23.07 2725 2035 1923 24.07

XBridge (Ours) 19.03 33.10 23.70 27.59 32.82 2548 28.78 20.96 25.23 26.30
Qwen2.5-7B-Instruct

SFT 19.52  33.52 2479 29.14 30.81 26.20 26.13 2216 2141 2597
MindMerger 18.17 3038 22.06 2595 2833 2292 2640 20.04 18.85 23.68
LayerAlign 18.27 30.51 2235 26,56 2890 22.82 2632 20.18 1934 2392

XBridge (Ours) 19.22  31.52 2348 27.72 3277 2453 2795 2219 2502 26.04

Table 7: Detailed multilingual Rouge-L results on XL-Sum. For XL-Sum, since the baselines produce English
summaries only, we translate them into target languages using NLLB-200-1.3B for comparison. We bold the best
scores for each LLM group.
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Variants Lrl-<En  En-Lrl Hrl-En En-Hrl X-En En-X
MetaMath-7B 2.87 1.05 26.50 17.36 18.62 1192
w/o OT 35.33 22.20 32.98 25.30 3376 24.27
w/o Decoder 36.22 - 35.01 - 35.41 -

XBridge 33.93 25.56 31.98 29.37 32.63 28.10

Table 8: Ablation results on FLORES-101 for stage 1. "Lrl" and "Hrl" denote low- and high-resource languages,
respectively. Following Shi et al. (2023), we treat Bn, Sw, and Th as low-resource languages, and the remaining as
high-resource ones. "X" denotes all languages except for English. We bold the best scores for each LLM group.

Variants Lrl-LLM Lrl-Dec Hrl-LLM Hrl-Dec Avg-LLM  Avg-Dec
MetaMath-7B 5.60 - 50.06 - 36.72 -
SFT 32.67 - 39.31 - 37.32 -
w/o OT 48.27 47.20 56.23 54.57 53.84 52.36
w/o Decoder 48.27 - 56.91 - 54.32 -
w/o Stage 1 29.33 28.13 52.51 51.37 45.56 44.40
Joint Stage 2&3 43.07 42.53 48.63 47.26 46.96 45.84
XBridge 48.67 47.87 57.49 55.09 54.84 52.92

Table 9: Ablation accuracy results on MGSM. "Lrl" and "Hrl" denote low- and high-resource languages, respectively.
"-LLM" denotes English reasoning outputs from the LLM, while "-Dec" denotes multilingual reasoning outputs via

the external decoder. We bold the best scores.

Variants Bn En Es Fr Ja Ru Sw Th Zh Lrl Hrl Avg
SFT 16.79 33.27 23.68 2842 2920 2542 2701 18.68 20.16 20.83 26.69 24.74
w/o OT 18.55 3149 2268 27.86 32.05 2427 2835 2027 2381 2239 27.03 2548
XBridge 18.85 31.50 22.84 28.18 3226 2436 2857 21.08 2440 22.83 27.26 25.78

Table 10: Ablation Rouge-L results of XL-Sum on MetaMath-7B. "Lrl" and "Hrl" denote low- and high-resource

languages, respectively. We bold the best scores.
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Languages X—En . En—=X .
NLLB MetaMath w/o OT XBridge | NLLB MetaMath w/o OT XBridge
Af 58.33 17.64 53.69 54.90 42.69 12.79 37.30 41.75
Ar 42.42 24.59 40.61 38.20 33.13 10.94 16.81 26.37
Az 28.25 28.97 25.35 23.57 19.39 16.23 12.25 16.18
Cs 41.17 1.34 40.47 38.54 35.85 0.32 23.39 30.03
El 37.68 3.59 37.19 35.43 28.16 0.80 19.07 24.34
Et 38.22 29.84 33.99 33.30 29.77 9.62 19.61 26.28
Fa 36.91 8.67 35.10 33.06 26.86 227 17.28 22.33
Fi 45.36 31.28 42.34 41.34 38.09 18.29 30.98 34.92
Gl 43.18 2.67 40.69 39.12 37.72 0.78 25.71 33.11
Gu 44.32 28.17 43.02 40.53 36.21 18.51 19.81 28.92
He 42.93 0.21 40.75 39.82 38.07 0.12 26.84 33.31
Hi 39.18 29.48 39.40 37.57 31.65 13.01 20.71 26.83
Hr 45.60 24.70 44.42 42.83 46.27 12.54 35.95 40.81
Id 38.74 7.49 34.99 33.54 34.57 2.30 24.36 28.92
It 30.15 3.87 28.25 26.93 27.28 1.12 18.13 23.72
Ka 34.89 5.43 31.69 30.60 27.81 1.23 18.33 24.24
Kk 33.11 5.87 29.29 27.58 15.01 1.92 8.74 13.13
Km 30.88 0.08 27.63 26.25 24.34 0.16 15.51 20.58
Ko 22.49 36.64 15.39 6.83 0.18 13.52 0.70 0.51
Lt 34.38 2.85 33.89 32.04 28.25 1.59 19.97 24.62
Lv 39.26 0.23 36.20 34.78 29.87 0.09 18.89 24.50
Mk 37.98 14.19 35.15 33.72 2591 4.29 17.13 21.20
Ml 44.49 2.05 42.90 41.80 37.80 0.45 27.26 32.83
Mn 26.73 29.23 25.88 2491 16.95 18.22 9.37 14.18
Mr 29.24 25.51 26.04 26.38 18.53 5.84 13.92 18.26
My 36.07 37.48 34.04 32.39 31.54 30.64 22.08 27.72
Ne 42.52 3.61 38.93 37.98 28.37 1.22 20.28 25.64
NI 33.18 32.03 31.83 30.20 25.95 16.41 16.94 20.80
| 52.13 0.26 49.96 48.55 49.84 0.26 38.40 44.17
Ps 34.68 10.20 32.04 30.48 19.93 2.18 9.93 16.49
Pt 47.08 25.82 43.58 42.52 37.89 16.67 28.34 34.26
Ro 36.87 41.00 36.54 33.82 30.79 29.45 20.87 26.02
S1 35.35 27.14 30.83 29.90 31.36 20.21 24.99 27.54
Sv 49.10 40.61 49.21 46.40 43.34 26.96 32.16 38.06
Ta 35.56 12.89 32.42 31.67 31.99 2.05 20.41 27.55
Te 41.87 10.57 37.98 37.60 38.21 3.45 24.07 29.98
Tr 40.87 18.17 37.78 35.94 34.67 7.62 20.11 28.19
Uk 41.39 36.98 39.21 33.53 32.30 22.16 22.45 27.34
Ur 37.23 0.56 35.27 33.65 27.06 0.27 15.98 24.49
Vi 38.84 2591 36.37 34.11 39.95 11.68 29.97 35.84
Xh 38.49 20.87 37.20 35.22 27.76 9.99 20.24 26.42
Avg | 38.71 17.29 36.28 3457 | 30.78 8.98 21.10 26.64

Table 11: Detailed results on 41 untuned languages, composing MetaMath-7B with NLLB-200-1.3B. We evaluate
cross-model mapping quality on FLORES-101, following the main experiments. "X" denotes all languages except
for English. We bold the best scores for the LLM group.
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| Bn De En Es Fr Ja Ru Sw Th Zh | Avg

2247 37.09 2056 3136 16.69 21.03 2285 13.62 17.42 | 22.57
45775 2557 39.82 18.73 26,51 2634 1482 19.81 | 26.90
29.59 4938 20.12 30.57 34.68 17.09 23.11 | 29.82
33.74 16.82 21.78 2201 1293 17.57 | 22.50
1775 2590 2699 1447 1996 | 25.63
18.82 19.76 12.60 17.16 | 20.26
2396 1391 18.82 | 24.26

Bn -
De | 24.74 -
En | 2842 3545 -
Es 2221 2342 32.00 -
Fr 2426 28.62 46.10 26.64 -
Ja 20.76  20.05 27.63 18.59 2694 -
Ru | 22.89 2565 37.08 2341 3480 17.85 -
Sw | 23.16 2536 44.73 2237 3635 1744 2327 - 14.24 18.18 | 25.01
Th | 21.59 2098 30.61 19.34 2939 16.37 19.78 21.86 - 17.12 | 21.89
Zh | 20.36 19.78 2489 1890 27.12 15.89 18.74 20.21 12.94 - 19.87

Avg | 2315 24.64 3621 2277 3432 1752 2293 2430 1407 1879 | 23.87

Table 12: BLEU scores for cross-lingual generation of XBridge, composing LLaMA3-8B with NLLB-200-1.3B.
Rows denote the source language and columns denote the target language. The source text is encoded by the
multilingual encoder, the LLM produces an English translation, and the decoder generates the target-language text
conditioned on the target-language token. For X—En directions, we directly evaluate the LLM outputs.

MGSM | Bn De En Es Fr Ja Ru Sw Th Zh | Avg

Bn 46.00 44.40 4520 45.60 40.80 42.80 44.00 46.00 44.00 44.80 | 44.36
De 5840 5640 5840 59.20 5320 5480 5840 58.00 5840 59.20 | 57.44
En 63.60 62.80 6320 63.60 59.60 61.60 62.80 6320 61.20 64.00 | 62.56
Es 60.00 57.60 61.60 61.20 5520 56.80 60.40 6080 57.60 60.80 | 59.20
Fr 58.80 5840 6040 60.80 5720 56.80 60.80 59.60 58.00 60.00 | 59.08
Ja 4920 4720 49.20 50.00 43.60 46.80 4880 48.80 48.00 48.80 | 48.04
Ru 57.60 5840 59.60 60.00 5520 57.60 5840 5840 56.00 58.00 | 57.92
Sw 4920 48.00 50.00 5040 4560 48.00 49.20 49.60 48.40 48.80 | 48.72
Th 5040 49.60 52.80 50.80 49.20 4920 50.00 5240 50.00 52.40 | 50.68
Zh 55.20 53.60 5520 55.60 50.80 51.20 5440 5520 52.80 55.20 | 53.92

Avg | 5484 5364 5556 5572 51.04 5256 5472 5520 5344 5520 | 54.19

Table 13: Accuracy for langauge-on-demand generation of XBridge, composing LLaMA3-8B with NLLB-200-1.3B.
Rows denote the query language and columns denote the response language. The query is first processed by the
encoder, the LLM produces an English response, and the decoder then generates the target language response via
the target language token.

System Lrl-En  En-Lrl Hrl-En En-Hrl X-En En-X
M2M100-1.2B 28.00 22.25 33.11 32.55 3141  29.12
LLaMA3-8B 32.03 17.43 36.77 3232 3519 27.36
MindMerger 31.37 - 32.67 - 32.24 -
LayerAlign 31.28 32.47 32.08

XBridge (Ours)  32.24 21.66 35.86 28.67  34.65 26.33

Table 14: Detailed FLORES-101 translation results for LLaMA3-8B composed with M2M100-1.2B. "Lr1" and
"Hrl" denote low- and high-resource languages, respectively. "X" denotes all languages except for English. We bold
the best scores for the LLM group.

System Bn De En Es Fr Ja Ru Sw Th Zh Avg
SFT 38.80 4640 5400 5480 4440 38.80 4520 40.80 44.00 49.20 45.64
Translate-Test 40.40 56.00 62.00 5480 54.80 51.60 5720 46.80 3520 48.00 50.68
MindMerger 5240 55.60 6240 5560 59.60 5040 5840 47.60 50.80 5640 54.92
LayerAlign 51.20 60.00 6520 58.00 55.60 50.00 5920 49.20 50.80 54.00 55.32

XBridge_ LLM (Ours) 4920 57.20 66.00 60.80 52.80 5440 5480 4720 52.80 60.00 55.52
XBridge_Dec (Ours) 4840 5320 62.80 59.20 4840 5320 54.00 4440 4840 5880 53.08

Table 15: Detailed MGSM results for LLaMA3-8B composed with M2M100-1.2B. "XBridge-LLM" denotes
English reasoning outputs from the LLM, while "XBridge-Dec" denotes multilingual reasoning outputs via the
external decoder. We bold the best scores for the LLM group.
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System Lrl-En  En-Lrl Hrl-En En-Hrl X-En En-X

NLLB-200-600M  33.59 26.43 34.83 29.52 3442 28.49
NLLB-200-1.3B 37.09 28.86 37.72 32.08 37.51 31.00

MetaMath-7B 2.87 1.05 26.50 17.36 18.62 11.92
XBridge (600M) 31.20 23.42 29.46 26.55 30.04 25.50
XBridge (1.3B) 35.26 26.91 32.42 31.24 3337 29.80

Table 16: Detailed FLORES-101 translation results for MetaMath-7B composed with NLLB-200 in different sizes
(600M vs. 1.3B). "Lrl" and "Hrl" denote low- and high-resource languages, respectively. "X" denotes all languages
except for English. We bold the best scores for the LLM group.

System Bn De En Es Fr Ja Ru Sw Th Zh Avg

SFT 38.80 4640 54.00 54.80 4440 38.80 4520 40.80 44.00 4920 45.64
XBridge LLM (600M) 47.60 56.00 6560 56.00 56.00 47.20 56.00 50.80 49.20 50.00 53.44
XBridge_Dec (600M) 4520 5280 65.60 55.60 51.60 4440 5440 50.80 46.00 4920 51.56
XBridge LLM (1.3B) 48.40 5480 67.20 60.80 57.20 47.20 57.60 4640 45.60 52.80 53.80
XBridge Dec (1.3B) 4720 5280 66.80 60.00 51.60 44.80 56.00 4560 4440 52.00 52.12

Table 17: Detailed FLORES-101 translation results for MetaMath-7B composed with NLLB-200 in different sizes
(600M vs. 1.3B). "X" denotes all languages except for English. We bold the best scores for the LLM group.
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