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Abstract

Weight-space model merging combines
independently fine-tuned checkpoints
without access to the original training
data. While merging has shown promise
in multitask settings, its behavior in
multilingual generative systems remains
underexplored. We systematically study
weight-space merging for multilingual
machine translation by fully fine-tuning
language models on large-scale bilingual
corpora and evaluating representative
merging strategies across shared-source,
shared-target, and bidirectional consoli-
dation settings. Our experiments reveal
a strong directional asymmetry. Merging
is comparatively more effective when
models share a target language, improving
multilingual coverage over the base model,
but it still fails to preserve the peak perfor-
mance of language-specific checkpoints.
In contrast, when target languages differ,
performance degrades sharply, especially in
shared-source and bidirectional settings. To
explain this behavior, we analyze internal
representations and find that fine-tuning
does not create disjoint language-specific
sub-networks. Instead, independently
fine-tuned models activate largely overlap-
ping neurons while reshaping upper-layer
target-generation representations into
incompatible geometries. These findings
suggest that multilingual merging failures
arise from target-side geometric misalign-
ment within shared computational units,
challenging the assumptions underlying
standard weight-space merging for multilin-
gual translation. We make the code publicly
available at https://github.com/
babangain/mt-model-merging.

1 Introduction

Large language models (LLMs) have shown re-
markable progress across a range of tasks, such as

∗Corresponding authors.

machine translation (Gain et al., 2026), summa-
rization (Zhang et al., 2026), reasoning (Bandy-
opadhyay et al., 2025), code generation (Jiang
et al., 2026), etc. While many modern sys-
tems are designed to support multiple languages,
training a single multilingual model that performs
well across diverse language pairs remains compu-
tationally expensive and data-intensive (Aharoni
et al., 2019; He et al., 2024; Seto et al., 2025). Fur-
ther, when multilingual corpora are highly imbal-
anced, naive mixing or data-proportional sampling
can lead to poor performance on low-resource
languages, while oversampling the low-resource
languages can degrade high-resource performance
(Arivazhagan et al., 2019; Chang et al., 2024). A
common alternative is to fine-tune smaller mono-
lingual models independently (Chouhan et al.,
2024; Raihan and Zampieri, 2025), which is more
feasible for low-resource or domain-specific set-
tings but results in many specialized models that
are costly to host, maintain, and deploy at scale
(Yang et al., 2026).

Consolidating independently fine-tuned models
is difficult because training data is often unavail-
able due to privacy or licensing constraints, mak-
ing joint retraining unrealistic. Model merging ad-
dresses this by combining weights directly without
data, and has been known to be effective across
multiple tasks. However, its behavior in multilin-
gual settings remains underexplored for fully fine-
tuned bilingual generative MT systems.

Recently, some works have combined merging
with continued pre-training to inject low-resource
or code-mixed capabilities into a base model be-
fore downstream fine-tuning (Tao et al., 2024; Ko-
dali et al., 2025), where the goal is improved adap-
tation or classification performance rather than
consolidation of fully specialized generative sys-
tems. Domain-focused studies further consider
merging general and domain-specific models to
enhance terminology retention across languages
(Rousset et al., 2025), targeting vocabulary acqui-
sition instead of end-to-end generative alignment.
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In contrast, our setup merges independently fine-
tuned, full-parameter bilingual machine transla-
tion models trained on million-scale corpora.

In this paper, we systematically study model
merging in multilingual settings using machine
translation as a controlled testbed. Machine Trans-
lation naturally involves distinct source and tar-
get languages, allowing us to probe disparities be-
tween understanding and generation in LLMs. We
fine-tune models on Indic–English pairs (Hindi,
Bengali, Tamil, Telugu ↔ English), which share a
pivot language while differing in typological prop-
erties. We evaluate merging across three config-
urations: shared source language, shared target
language, and merging unidirectional models to
form bidirectional systems, enabling analysis of
how language configuration affects weight-space
fusion.

Our results show that multilingual merging be-
haves differently from standard multitask merging
and introduces unique challenges. Our contribu-
tions can be summarized as follows:

• To the best of our knowledge, this is one
of the first systematic studies of weight-
space merging for multilingual MT using
full-parameter fine-tuning on million-scale
bilingual corpora, with checkpoints released
for benchmarking.

• Demonstration of strong directional asym-
metry and larger degradation than multitask
merging, especially when target languages
differ or when forming bidirectional systems.

• Span based activation analysis shows that
fine-tuning redistributes language specializa-
tion to upper layers and creates geometric
misalignment that harms merging. Restor-
ing target-language-specific upper layers im-
proves translation performance, providing
preliminary support for routing-based archi-
tectures.

2 Related Work

2.1 Model Merging

Early work on model soups (Wortsman et al.,
2022) showed that simple weight averaging across
fine-tuned checkpoints can improve robustness
without additional training. Task Arithmetic (Il-
harco et al., 2022) formalized this idea through

task vectors, which are defined as the param-
eter difference between a fine-tuned model and
its pretrained initialization. By linearly combin-
ing such vectors and adding them to the base
model, multiple task capabilities can be com-
posed post hoc. The naive addition of task vec-
tors, however, introduces parameter interference
when tasks induce conflicting updates. TIES (Ya-
dav et al., 2023) addresses this by pruning low-
magnitude updates and resolving sign conflicts be-
fore merging, thereby reducing destructive inter-
ference. DARE (Yu et al., 2024) instead randomly
drops a large fraction of parameters in the delta
vectors and rescales the remainder to preserve the
expected magnitude, encouraging sparsity prior to
fusion. Fisher merging (Matena and Raffel, 2022)
weights parameters according to estimated sensi-
tivity and performs a Fisher-weighted average to
emphasize directions that are important for each
task. More recently, geometric approaches have
been proposed. Subspace Boosting (Skorobogat
et al., 2025) and TSV-Merging (Gargiulo et al.,
2025) decompose task vectors via singular value
decomposition and restrict merging to dominant
subspaces. By suppressing low-variance compo-
nents, these methods aim to preserve coherent
task-relevant structure while limiting interference.

Despite this growing body of work, most
evaluations have focused on vision backbones
or English-centric multitask benchmarks (Huang
et al., 2024; Qi et al., 2024). Recent system-
atic analyses indicate that techniques effective in
vision do not reliably transfer to large language
models (Hitit et al., 2025). In particular, merg-
ing behavior under multilingual specialization re-
mains underexplored. When independently fine-
tuned models specialize in different languages,
representational shifts may be deeper and struc-
turally asymmetric. Our work investigates this set-
ting directly.

2.2 Neurons in LLMs

Understanding multilingual specialization re-
quires examining neuron-level behavior. Geva
et al. (2021) characterized feed-forward layers in
Transformers as key–value memories, where in-
dividual neurons store contextual associations re-
trieved during generation. ROME (Meng et al.,
2022) later provided causal evidence for local-
ized factual knowledge by identifying and edit-
ing small subsets of neurons responsible for such
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knowledge in MLP layers. Subsequent studies
have analyzed activation patterns and selectivity.
Voita et al. (2024) observed that many neurons
remain largely inactive across inputs, while oth-
ers exhibit highly selective responses to specific
tokens or short n-grams. In multilingual mod-
els, Tang et al. (2024) introduced language acti-
vation metrics showing that small neuron subsets
disproportionately contribute to language-specific
processing. Mondal et al. (2025) further explored
whether manipulating such language-specific neu-
rons through test-time activation replacement or
LoRA updates restricted to selected units could
improve cross-lingual transfer, though gains were
inconsistent.

While prior work emphasizes localization, spar-
sity, and interventions within a single model, our
study examines how neuron-level specialization
evolves under independent fine-tuning and how it
interacts with weight-space merging.

3 Methodology

3.1 Large-Scale MT Fine-tuning

We fine-tune the base Qwen-2.5-3B-Instruct
model independently on eight bilingual trans-
lation tasks covering four language pairs from
the Samanantar corpus (Ramesh et al., 2022):
English–Hindi, English–Bengali, English–Tamil,
and English–Telugu. Fine-tuning is performed us-
ing the LLaMAFactory framework (Zheng et al.,
2024) with full-parameter updates that allow the
entire model to specialize for each language pair.

The selected language pairs are intentionally di-
verse. Hindi and Bengali belong to the Indo-Aryan
language family, whereas Tamil and Telugu are
Dravidian languages, enabling cross-family anal-
ysis. The training sets are substantial: 10.1M sen-
tence pairs for English–Hindi, 8.6M for English–
Bengali, 5.26M for English–Tamil, and 4.95M
for English–Telugu, for each translation direc-
tion. Given the large-scale supervision and full-
parameter updating, the resulting models consti-
tute strong task-specialized systems. We therefore
treat these independently fine-tuned checkpoints
as practical upper bounds for their respective lan-
guage pairs. They serve as competitive references
when evaluating merging-based multilingual con-
solidation and are subsequently used as inputs to
our model merging experiments.

3.2 Baselines

We compare against several representative weight-
space merging methods, along with the pretrained
backbone and multilingual fine-tuning as refer-
ences.

Pretrained Model. This is the original
instruction-tuned backbone prior to task-specific
fine-tuning. It serves as a lower bound and quanti-
fies the gains obtained through specialization and
merging.

Multilingual Joint Fine-tuning. We train mul-
tilingual reference models by pooling data across
related directions: (a) English→four Indic lan-
guages, (b) four Indic languages→English, and
(c) all eight directions jointly. This follows the
broader joint multilingual MT paradigm, where a
single model is optimized over multiple transla-
tion directions, while our setup remains English-
pivot rather than fully many-to-many (Fan et al.,
2021). These models provide context for the be-
havior of joint multilingual supervision when all
training data and budget are available. However,
they are not directly comparable to weight-space
merging: model merging assumes a post-training
setting in which independently fine-tuned check-
points already exist, and the practitioner may not
have the data access, compute budget, or incen-
tive to train a new fully multilingual model from
scratch.

Task Arithmetic (Ilharco et al., 2022). Fine-
tuning is modeled as a task vector ∆t = θt − θ0,
where θ0 is the pretrained backbone. Multiple
tasks are merged via linear combination, θmerged =
θ0 +

∑
i αi∆i. Although simple, direct addition

may introduce parameter interference when up-
dates conflict.

TIES (Yadav et al., 2023). TIES reduces de-
structive interference by pruning low-magnitude
updates, resolving sign conflicts for each param-
eter, and merging the filtered deltas through nor-
malized summation.

DARE (Yu et al., 2024). DARE sparsifies task
vectors by randomly dropping a proportion p of
parameters and rescaling the remainder by 1

1−p .
The sparsified deltas are then merged using stan-
dard weight-space techniques.

SCE-Merging (Wan et al., 2025). SCE se-
lects significant weight changes relative to a pivot
model, assigns layer-wise merging weights based
on update strength, removes conflicting directions,
and integrates the resulting deltas into the pivot.
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BLEU CHRF
Model Hindi Bengali Tamil Telugu Average Hindi Bengali Tamil Telugu Average

Base 18.75 14.97 3.96 5.69 10.84 43.29 39.08 21.26 24.76 32.10
Multilingual f/t: Indic→En 28.67 20.73 12.37 9.64 17.85 52.96 45.87 36.57 30.96 41.59
Multilingual f/t: Indic↔En 24.63 16.64 7.94 5.67 13.72 51.92 44.51 31.92 27.57 38.98

Finetuned - Hindi 37.77 17.93 0.86 2.39 14.74 62.21 45.43 15.36 23.01 36.50
Finetuned - Bengali 25.13 32.99 1.23 3.87 15.80 50.95 59.42 16.26 25.30 37.98
Finetuned - Tamil 18.22 12.17 27.97 2.95 15.33 42.92 36.94 54.72 22.15 39.18
Finetuned - Telugu 19.00 11.19 0.67 31.77 15.66 43.98 35.80 12.90 57.61 37.57

Merged Models

Task Arithmetic 30.97 26.51 10.71 17.20 21.35 56.29 52.80 34.06 42.66 46.45
TIES 32.44 26.91 10.65 18.34 22.08 58.23 53.67 35.21 44.69 47.95
DARE 31.22 26.71 11.02 18.87 21.96 56.93 53.05 34.49 43.81 47.07
SCE-Merging 33.47 27.02 9.98 18.05 22.13 59.42 54.37 35.23 45.11 48.53

Table 1: BLEU and CHRF scores for different models across languages in the Indic→English direction.

BLEU CHRF
Model Hindi Bengali Tamil Telugu Average Hindi Bengali Tamil Telugu Average

Base 5.93 1.82 0.92 0.60 2.32 27.97 23.54 24.12 15.78 22.85
Multilingual f/t: En→Indic 23.59 10.75 5.05 5.25 11.16 49.59 43.71 35.28 28.75 39.33
Multilingual f/t: En↔Indic 20.80 9.19 4.33 4.37 9.67 46.71 41.36 34.05 26.66 37.19

Finetuned - Hindi 29.23 0.32 0.41 0.40 7.59 54.47 0.57 0.47 0.56 14.02
Finetuned - Bengali 0.06 15.45 0.12 0.18 3.95 0.23 50.13 0.15 0.20 12.68
Finetuned - Tamil 0.35 0.39 12.61 0.96 3.58 0.64 0.43 51.75 0.76 13.39
Finetuned - Telugu 0.45 0.44 0.79 15.59 4.32 0.71 0.44 0.64 50.17 12.99

Merged Models

Task Arithmetic 6.42 2.15 0.45 0.54 2.39 28.38 23.89 17.20 12.46 20.48
TIES 0.73 0.09 0.10 0.09 0.25 12.56 3.75 3.10 0.70 5.03
DARE 1.38 0.35 0.22 0.15 0.52 16.55 11.18 7.85 3.83 9.85
SCE-Merging 9.88 3.34 0.74 0.50 3.61 34.08 28.46 19.23 13.19 23.74

Table 2: BLEU and CHRF scores for different models across languages in the English→Indic direction.

4 Experimental Findings

We evaluate weight-space merging under three
controlled multilingual configurations: (i) shared
target language (Many→One), (ii) shared source
language (One→Many), and (iii) bidirectional
construction through merging directionally oppo-
site models.

4.1 Common Target Language: Many→One
We merge independently fine-tuned
Indic→English models that share a fixed tar-
get language (English) but differ in their source
languages (Hindi, Bengali, Tamil, Telugu), iso-
lating multilingual source aggregation within a
constant generation space.

As shown in Table 1, individual fine-tuned mod-
els perform strongly on their supervised pairs but
generalize poorly to unseen sources. Merging
reduces this imbalance: CHRF scores become

consistently distributed across languages, with
merged models reaching 46–48 on average, com-
pared to 32.10 for the base model. Merged check-
points also exceed both the average cross-lingual
performance of any single fine-tuned model and
the performance of the multilingual models. How-
ever, peak task performance is not preserved. The
gap from the fine-tuned upper bounds is larger
than typically reported in multitask merging (He
et al., 2025). Thus, while Many→One merging
improves multilingual coverage and stability, it re-
mains suboptimal for retaining maximum task ac-
curacy.

4.2 Common Source Language: One→Many

We next consider the complementary configura-
tion where models share a common source lan-
guage (English) but differ in their target languages
(Table 2). Both BLEU and CHRF show that
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En→XX XX→En
Model Hindi Bengali Tamil Telugu Average Hindi Bengali Tamil Telugu Average

Base 5.93 1.82 0.92 0.60 2.32 18.75 14.97 3.96 5.69 10.84
Multilingual f/t: En↔Indic 20.80 9.19 4.33 4.37 9.67 24.63 16.64 7.94 5.67 13.72
Fine-tuned 29.23 15.45 12.61 15.59 - 37.77 32.99 27.97 31.77 -

Merged Models

Task Arithmetic 6.23 2.16 1.05 1.29 2.68 29.49 24.33 16.35 22.82 23.25
TIES 0.58 0.44 1.04 1.30 0.84 29.27 21.24 20.05 23.07 23.41
DARE 0.59 0.47 1.00 1.26 0.83 30.09 24.92 19.39 22.71 24.28
SCE-Merging 10.20 6.56 0.99 1.25 4.75 28.03 22.12 18.10 21.27 22.38

Table 3: BLEU scores for bidirectional models obtained by merging English→XX and XX→English
models.

target-language generation expertise is not effec-
tively aggregated. Average performance, in many
cases, falls below the pretrained baseline, and
degradation relative to fine-tuned upper bounds is
substantially more severe than in the Many→One
case. This level of retention is far below the
70–90% commonly observed in multitask merg-
ing (He et al., 2025; Yu et al., 2024), indicat-
ing that combining distinct target-side generation
spaces is considerably more destructive than ag-
gregating diverse source encoders under a shared
target. Multilingual models perform much better
than merged models; however, their performance
remains significantly lower than that of individu-
ally fine-tuned models. This is consistent with ob-
servations from Sachan and Neubig (2018), where
multilingual training can degrade accuracy when
target languages belong to distant language fami-
lies.

4.3 Bidirectional Construction via Opposite
Directions

We finally evaluate whether merging can construct
a bidirectional model by combining English→
ℓ and ℓ →English checkpoints for each ℓ ∈
{hi,bn, ta, te}, as shown in Table 3.

Although the merged scores may appear decent
at first glance, it is important to note that each re-
sult corresponds to merging only two checkpoints:
one English→ ℓ model and one ℓ →English
model. Thus, the setting is considerably simpler
than the multilingual merging experiments, yet the
merged models still remain far from the corre-
sponding direction-specific upper bounds.

For English→Indic, BLEU retention is around
35% for Hindi, 42% for Bengali, and below 10%
for Tamil and Telugu. In contrast, Indic→English
is partially preserved, although BLEU still drops

relative to the upper bound. We report CHRF
scores in Appendix D, which show severe degra-
dation. Here, the multilingual fine-tuned models
(row 2 in Table 3) are much weaker because they
have been fine-tuned on eight language pairs, com-
pared to the single-direction fine-tuned models in
the third row. Overall, merging opposite transla-
tion directions causes substantially greater degra-
dation than unidirectional merging, even when
only two models are merged.

5 Analysis

5.1 Language-Specific Neuron Behavior
Before and After Fine-tuning

To quantify language specialization at the neu-
ron level, we analyze span-conditioned MLP gate
activations measured during forward pass. Our
objective is to isolate source-side and target-
side behavior within a single autoregressive se-
quence and to identify neurons that are both se-
lective and strongly activated for particular lan-
guages. Our methodology is inspired by the
LAPE framework (Tang et al., 2024), which moti-
vates representation-level analysis for understand-
ing language-specific specialization within multi-
lingual models.

Sequence construction. For each language ℓ ∈
L, let Dℓ = {(u(ℓ)i , t

(ℓ)
i )}Nℓ

i=1 denote translation
examples, where u

(ℓ)
i contains a source-language

sentence embedded in an instruction prompt and
t
(ℓ)
i is the corresponding target-language sentence.

Each pair is rendered into a single token sequence
z
(ℓ)
i = (zi1, . . . , zin). Conceptually, the sequence

decomposes as

z
(ℓ)
i = (pi1, . . . , piri︸ ︷︷ ︸

instruction

, xi1, . . . , xiSi︸ ︷︷ ︸
source

, yi1, . . . , yiTi︸ ︷︷ ︸
target

).
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Instruction tokens are excluded from all subse-
quent measurements.

Span masks. We define two disjoint masks over
token positions: msrc

ij = 1[zij ∈ {xi1, . . . , xiSi}]
and mtgt

ij = 1[zij ∈ {yi1, . . . , yiTi}].
Because the model is decoder-only with causal

attention, the source-span activations are indepen-
dent of target tokens, whereas target-span activa-
tions are conditioned on the entire source segment.

Span-conditioned activation rates. Let L de-
note the number of layers and I the intermediate
MLP width. Let G(l)

ijk denote the post-nonlinearity
gate activation of neuron k at position j in layer l.
For span s ∈ {src, tgt}, define the positive activa-
tion count

C
(ℓ,s)
l,k =

Nℓ∑
i=1

n∑
j=1

1[G
(l)
ijk > 0]m

(s)
ij ,

and the total number of masked tokens N (ℓ,s) =∑Nℓ
i=1

∑n
j=1m

(s)
ij . The empirical activation prob-

ability is then p
(ℓ,s)
l,k =

C
(ℓ,s)
l,k

N(ℓ,s) . The quantity p
(ℓ,s)
l,k

represents the probability that neuron (l, k) pro-
duces a positive gate activation when processing
span s under language ℓ.

Cross-language selectivity. For each neuron
(l, k), we normalize activation rates across lan-
guages as q

(ℓ,s)
l,k = p

(ℓ,s)
l,k /

∑
ℓ′∈L p

(ℓ′,s)
l,k , with∑

ℓ q
(ℓ,s)
l,k = 1. We quantify language selectivity

via entropy H
(s)
l,k = −

∑
ℓ∈L q

(ℓ,s)
l,k log q

(ℓ,s)
l,k . Low

entropy indicates that activation is concentrated in
a small subset of languages, whereas high entropy
indicates shared multilingual behavior. We select
the fraction ρ of neurons with the lowest entropy,
i.e., S(s) = argmin

⌊ρLI⌋
(l,k) H

(s)
l,k .

High-activation criterion. Relative selectivity
does not guarantee that a neuron is strongly en-
gaged. To ensure that selected neurons exhibit
substantial activation, we impose a global activa-
tion threshold. Let P = {p(ℓ,s)l,k : ∀l, k, ℓ} denote
the collection of all span-conditioned activation
probabilities. We define a threshold τ as a high
percentile of P . A selected neuron (l, k) ∈ S(s)

is assigned to language ℓ only if p(ℓ,s)l,k > τ . This
generates per-layer neuron index sets

I(ℓ,s)
l = { k : (l, k) ∈ S(s) and p

(ℓ,s)
l,k > τ }.

Indic → En En → Indic

Language Source (src) Target (tgt) Source (src) Target (tgt)

Hindi 542 → 1004 1680 → 3472 706 → 958 697 → 743
Bengali 701 → 827 1693 → 3460 686 → 328 665 → 780
Tamil 950 → 2562 2286 → 3444 662 → 516 557 → 1370
Telugu 546 → 1094 2238 → 3553 534 → 1498 574 → 706

Table 4: Language-specific total selected neuron
counts, summed over all layers. Each cell shows
Instruct → Fine-tuned counts for the correspond-
ing language and span.

Interpretation. For s = src, the selected neu-
ron sets characterize source-language processing,
whereas for s = tgt they characterize generation
behavior conditioned on the source segment. Ta-
ble 4 reports total selected neuron counts (summed
over all layers) for both spans and both translation
directions.

On the source side, a clear directional asymme-
try emerges. In Indic→En, source-span totals in-
crease consistently across languages (e.g., Hindi:
542 → 1004, Tamil: 950 → 2562). However, this
increase is concentrated primarily near the em-
bedding layer (Layer 0), while intermediate trans-
former layers remain largely shared. This indi-
cates that fine-tuning mainly strengthens lexical
encoding for Indic input tokens rather than glob-
ally expanding specialization across depth.

The complementary En→Indic results display
a different pattern. When English is the source
language, source-span totals change modestly and
may even decrease (e.g., Bengali: 686 → 328).
We observe that embedding amplification is lim-
ited and that mid-layer overlap is largely pre-
served. A layer-wise representation of this behav-
ior is provided in Section F. Since English repre-
sentations are already well supported in the pre-
trained model, fine-tuning does not require sub-
stantial restructuring of source-side encoding.

In contrast, generation-side specialization is
substantially stronger. Target-span totals increase
sharply in Indic→En (e.g., Hindi: 1680 → 3472,
Telugu: 2238 → 3553). We find that these in-
creases are concentrated in upper transformer lay-
ers (approximately layers 28–35), which directly
govern autoregressive token prediction. This indi-
cates deeper reorganization of the generation sub-
space. Importantly, these structural patterns are
not restricted to the supervised language. Even
when a fine-tuned model is probed on a language
for which it was not explicitly trained, the acti-
vation profile often exhibits a qualitatively simi-
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lar depth-dependent structure, particularly in up-
per layers. This suggests that fine-tuning redis-
tributes representational geometry in a way that
affects multiple languages, not solely the super-
vised pair. We analyze this cross-language gener-
alization behavior more systematically in the next
subsection. In short, because weight-space merg-
ing assumes a degree of geometric compatibility
across checkpoints, heterogeneous restructuring in
these late decoding layers leads to misaligned gen-
eration subspaces. This asymmetry provides a
plausible structural explanation for the fragility of
weight-space merging in multilingual translation.

5.2 Neuron Usage Alignment
To examine whether multilingual fine-tuning in-
duces structural separation or shared special-
ization, we introduce Neuron Usage Alignment
(NUA). The goal is to determine whether inde-
pendently fine-tuned bilingual models rely on dis-
tinct neuron subsets or modify largely overlapping
computational units.

For a model M , let C(M,ℓ,s)
l,k denote the masked

positive activation count of neuron (l, k) for lan-
guage ℓ and span s ∈ {src, tgt}, and let p(M,ℓ,s)

l,k

be the corresponding activation rate. We define
the layer-wise neuron usage vector u(M,ℓ,s)

l ∈ RI

whose entries are these activation rates across the
I intermediate neurons. NUA between two mod-
els Ma and Mb at layer l is then computed as

NUA
(ℓ,s)
l (Ma,Mb) =

u
(Ma,ℓ,s)
l · u(Mb,ℓ,s)

l

∥u(Ma,ℓ,s)
l ∥2 ∥u(Mb,ℓ,s)

l ∥2
.

High NUA indicates that two models activate
largely the same neurons with similar frequencies
for the masked span, while lower values indicate
divergence in neuron utilization.

Observations. Across both source and target
spans, NUA remains consistently high across in-
dependently fine-tuned bilingual models. As
shown in Figure 1, mid and upper layers exhibit
near-perfect cosine similarity (typically > 0.98),
indicating that the same intermediate MLP neu-
rons are used with comparable relative frequencies
across language pairs. This pattern holds espe-
cially strongly in the target span, where autore-
gressive generation relies on highly overlapping
sets of neurons across fine-tuned checkpoints.

Comparisons between the base instruction-
tuned model and fine-tuned models show a mod-
erate but systematic reduction in NUA, suggesting
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Figure 1: Neuron Usage Alignment averages for
both translation directions. Top: English→XX.
Bottom: XX→English. Base-FT denotes aver-
age alignment between the base model and fine-
tuned models. FT-FT denotes average alignment
between each fine-tuned model and the other fine-
tuned models.

that fine-tuning reshapes neuron usage relative to
the pretrained baseline. However, the alignment
among fine-tuned models themselves remains sub-
stantially higher than the alignment between fine-
tuned models and the base model. This indicates
that bilingual fine-tuning does not allocate dis-
joint subnetworks for different languages but in-
stead modifies a largely shared set of computa-
tional units.

Taken together, these findings suggest that mul-
tilingual specialization does not appear to emerge
primarily through neuron partitioning. Rather,
fine-tuned models engage similar neurons during
both encoding and generation, implying that merg-
ing degradation is unlikely to arise from struc-
tural separation of neuron subsets. Instead, in-
compatibility likely originates from finer-grained
differences within shared units, such as divergent
weight directions or representational geometry.

5.3 Centered Kernel Alignment

To quantify how fine-tuning alters internal repre-
sentations, we employ centered kernel alignment
(CKA) as a layer-wise measure of representational
similarity (Gretton et al., 2005; Kornblith et al.,
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Direction Base vs ft: (src span) Base vs ft: (tgt span) Avg other lang: (src span) Avg other lang: (tgt span)

L34 L35 L36 L34 L35 L36 L34 L35 L36 L34 L35 L36

En→Hindi 0.7158 0.7886 0.5972 0.9395 0.8844 0.2721 0.9778 0.9800 0.9524 0.9270 0.8870 0.2486
En→Bengali 0.6990 0.7796 0.5855 0.9285 0.8773 0.2857 0.9748 0.9808 0.9621 0.9100 0.8719 0.2512
En→Tamil 0.7148 0.7924 0.6051 0.8998 0.8475 0.1482 0.9713 0.9795 0.9658 0.7338 0.6947 0.1187
En→Telugu 0.7216 0.7993 0.5954 0.8911 0.8461 0.1461 0.9739 0.9800 0.9677 0.8073 0.7624 0.0989

Hindi→En 0.7845 0.7474 0.5493 0.9322 0.9159 0.7897 0.8816 0.8741 0.6203 0.9701 0.9640 0.8863
Bengali→En 0.6041 0.6355 0.4299 0.9423 0.9332 0.8229 0.8655 0.8662 0.6027 0.9694 0.9651 0.8818
Tamil→En 0.6272 0.6148 0.4704 0.9018 0.8879 0.7061 0.6135 0.6357 0.4310 0.9229 0.9195 0.7782
Telugu→En 0.6361 0.6071 0.4836 0.9190 0.9078 0.6876 0.7459 0.7409 0.4827 0.9552 0.9489 0.8292

Table 5: Late-layer linear CKA for layers 34–36. We report (i) same-language checkpoint versus the base
model, and (ii) average CKA between the language-specific checkpoint and the other three fine-tuned
checkpoints in the same direction.

Early (0–11) Mid (12–27) Late (28–36)

Direction Span I–FT FT–FT I–FT FT–FT I–FT FT–FT

Indic→En src 0.992 0.995 0.957 0.982 0.74 0.88
Indic→En tgt 0.991 0.994 0.952 0.978 0.71 0.86
En→Indic src 0.988 0.993 0.938 0.972 0.69 0.83
En→Indic tgt 0.985 0.990 0.921 0.965 0.64 0.80

Table 6: Layer-banded masked CKA averages. I-
FT denotes alignment between the pretrained In-
struct model and each fine-tuned checkpoint. FT-
FT denotes pairwise alignment among fine-tuned
checkpoints. Early, mid, and late correspond to
layers 0–11, 12–27, and 28–36, respectively.

2019). CKA evaluates whether two models in-
duce similar pairwise similarity structures over the
same set of inputs.

Let {x(ℓ)i }Nℓ
i=1 denote evaluation inputs for the

language pair or direction indexed by ℓ. For trans-
former layer l, let H

(m,ℓ)
l ∈ RNℓ×d denote the

mean-pooled hidden representations produced by
model m on those inputs. For a representation ma-
trix H , define the Gram matrix K = HH⊤. After
centering with C = INℓ

− 1
Nℓ

11⊤, where 1 is the
all-ones vector in RNℓ , we compute K̃ = CKC.
The linear CKA similarity between two represen-
tation matrices Ha and Hb is

CKA(Ha, Hb) =
∥H⊤

a Hb∥2F
∥H⊤

a Ha∥F ∥H⊤
b Hb∥F

.

We compute CKA at the same layer index l un-
der two comparisons.

Base vs fine-tuned. CKA
(
H

(base,ℓ)
l , H

(ft,ℓ)
l

)
,

which measures how much the geometry at depth
l shifts after fine-tuning.

Fine-tuned vs fine-tuned.

CKA
(
H

(ft,ℓ)
l , H

(ft,ℓ′)
l

)
, ℓ ̸= ℓ′,

which measures cross-language geometric align-
ment across independently fine-tuned checkpoints.

Here, l indexes depth and ℓ indexes the language
pair or direction. High CKA indicates preserved
geometry in base-to-fine-tuned comparisons or
shared geometry in cross-checkpoint comparisons,
whereas low values reflect language-specific reor-
ganization that may undermine weight-space com-
patibility.

Observations. Linear CKA exhibits a clear
depth-dependent pattern, but the fine-grained late-
layer results in Table 5 reveal that upper-layer di-
vergence is far more structured than layer-band
averages alone suggest. In both translation direc-
tions, early layers remain almost perfectly aligned
with the pretrained model, confirming that lexical
encoding and shallow compositional structure are
largely preserved after fine-tuning. Middle lay-
ers show moderate drift yet retain strong cross-
model similarity. The decisive shift occurs in
the final decoding block. In the English→Indic
direction, source-span alignment with the base
model at layers 34 and 35 remains moderate, while
target-span alignment collapses sharply at layer
36, reaching values as low as 0.15–0.27 for sev-
eral languages. The same pattern appears when
comparing the fine-tuned checkpoint for one lan-
guage with the fine-tuned checkpoints for other
languages: source-side cross-language alignment
remains extremely high even at layer 36, often
above 0.95, but target-side cross-language align-
ment drops dramatically, in some cases below
0.20. This indicates that English encoding geom-
etry remains mutually compatible across check-
points, whereas the target-language generation
subspace becomes highly language-specific and
geometrically misaligned at the final layer.
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Figure 2: Principal angles between representations
across models fine-tuned on English→Indic.

In contrast, the Indic→English direction shows
substantially greater stability in the late decoding
layers for the target span. Even at layer 36, align-
ment between fine-tuned checkpoints and the base
model remains relatively high for English gener-
ation, and cross-language alignment among fine-
tuned checkpoints frequently exceeds 0.85. Al-
though some source-side divergence appears, the
shared English generation space remains struc-
turally coherent across independently fine-tuned
models. The late-layer shifts are non-monotonic;
for Bengali→English, source-span CKA with the
base rises from 0.60 at layer 34 to 0.64 at layer
35 before dropping to 0.43 at layer 36, suggest-
ing that incompatibility is concentrated in the final
output-oriented block rather than uniformly across
upper layers. As shown in Table 6, early and inter-
mediate layers preserve broadly shared multilin-
gual representations, but the final decoding layer
reorganizes in a target-specific manner. When
target languages differ, independently fine-tuned
checkpoints no longer occupy a compatible gen-
erative geometry, consistent with the degradation
observed in One→Many and bidirectional merg-
ing settings.

5.4 Principal Angle Analysis

To measure geometric compatibility between in-
dependently fine-tuned checkpoints, we compute
layer-wise principal angles between their repre-
sentational subspaces.

Let H(m)
l ∈ RN×d denote the mean-pooled hid-

den representations at layer l for model m, com-
puted over masked target tokens. After centering
H

(m)
l , we obtain an orthonormal basis Q

(m)
l ∈

Rd×r from the top-r right singular vectors of the
centered representation matrix.

For two models a and b, we compute Ml =

Q
(a)⊤
l Q

(b)
l . If σi are the singular values of Ml,

the principal angles are θ
(l)
i = arccos(σi). We

summarize each layer using the median principal
angle Θ

(a,b)
l = mediani θ

(l)
i .

Observation. Neuron Usage Alignment (NUA)
shows that independently fine-tuned bilingual
models activate largely overlapping sets of neu-
rons. However, Figure 2 shows that, despite this
overlap, the dominant representation directions in
upper layers diverge substantially for the target
span.

Thus, although the models use similar neurons,
their collective activation geometry differs. Merg-
ing therefore combines geometrically misaligned
subspaces within shared computational units, pro-
viding a representation-level explanation for mul-
tilingual merging degradation.

6 Alternatives and Way-forward

6.1 Effect of Stronger Base Translation
Performance

A possible limitation of the Indic experiments
is that the pretrained model has weak zero-
shot translation performance in English→Indic
directions. The observed degradation could
therefore reflect an unusually difficult setting
rather than a general limitation of weight-space
merging. To test this, we extend the eval-
uation to English→German, English→French,
English→Arabic, and English→Ukrainian, where
the base model has substantially stronger transla-
tion performance. As shown in Table 7, stronger
base-model performance reduces the severity of
merging failure. Unlike in the English→Indic
setting, the merged checkpoints generally remain
usable, and the best merged model slightly out-
performs the base on average. Thus, although
a stronger base model mitigates catastrophic col-
lapse, most task-specific improvements are still
not preserved after merging. These results sug-
gest that weak base translation performance is
not the sole cause of the degradation observed
in English→Indic merging. Further, the multi-
lingual fine-tuned model performs competitively
with the individual models. This indicates that a
single checkpoint can effectively handle all four
languages and that poor merging performance is
not caused by insufficient model capacity.
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BLEU CHRF
Model German French Arabic Ukrainian Average German French Arabic Ukrainian Average

Base 23.38 34.06 10.48 9.72 19.41 53.86 59.35 36.89 36.34 46.61
Finetuned - Multilingual 27.68 42.41 15.66 13.64 24.84 57.28 65.61 46.06 42.11 52.76

Finetuned - German 29.11 1.71 0.44 0.58 7.96 57.57 20.95 0.68 0.84 20.01
Finetuned - French 1.48 41.46 0.41 0.56 10.98 20.86 64.79 0.67 0.81 21.78
Finetuned - Arabic 1.29 0.59 15.44 0.35 4.42 4.37 1.45 46.70 0.65 13.29
Finetuned - Ukrainian 0.84 0.74 0.47 13.29 3.83 1.08 1.10 0.62 42.21 11.25

Merged Models

Task Arithmetic 24.42 38.47 12.37 4.34 19.90 54.59 63.38 40.85 28.53 46.84
TIES 21.62 35.94 5.52 2.03 16.28 50.91 60.78 22.18 22.73 39.15
DARE 25.47 38.39 10.99 2.30 19.29 54.44 62.62 36.71 25.06 44.71
SCE-Merging 24.82 38.04 12.69 7.98 20.89 54.92 63.28 42.31 34.79 48.83

Table 7: BLEU and CHRF scores for different models across languages in the English→XX translation
direction.

BLEU CHRF
Model Hindi Bengali Tamil Telugu Average Hindi Bengali Tamil Telugu Average

Fine-tuned SFT 29.23 15.45 12.61 15.59 18.22 54.47 50.13 51.75 50.17 51.63
Fine-tuned LoRA 28.38 14.95 13.18 15.32 17.96 54.04 50.13 52.73 50.86 51.94

Merged LoRAs

Linear 0.00 0.03 0.03 0.08 0.04 0.04 0.03 0.04 0.06 0.04
TIES 0.02 0.03 0.05 0.07 0.04 0.43 0.24 0.53 0.42 0.41
DARE 0.01 0.09 0.06 0.19 0.09 0.24 0.21 0.37 0.33 0.29

Table 8: BLEU and CHRF scores for LoRA-based models in the English→Indic direction.

6.2 Adapter Swapping Rather than Merging

One practical response to the poor performance
of weight-space merging is to avoid merging
full checkpoints and instead maintain language-
specific adapters (Zhao et al., 2025; Dmonte et al.,
2026). Prior work suggests that LoRA can be
favorable for multilingual tuning, although full-
parameter fine-tuning may remain stronger when
separately trained language-specific models are
considered (Chen et al., 2024). At the same time,
several studies report that LoRA is not effective
for language fine-tuning (Biderman et al., 2024;
Sel and Hanbay, 2024; Song et al., 2026). More
recent work indicates that this gap can be reduced,
or even reversed, when adapters are given suffi-
cient capacity through higher rank, careful hyper-
parameter tuning, and broader module coverage
such as feed-forward or all-linear placement (Ag-
garwal et al., 2024; Kunz, 2025).

Language-specific adapter training. For a fair
comparison, we train LoRA and full SFT mod-
els using the same number of training examples
and the same number of epochs. We validate
over eight LoRA configurations and select the set-

ting with the lowest validation loss before train-
ing the final adapter on the full training data. Ta-
ble 8 shows that, when adapters are trained from
the beginning with sufficient capacity, language-
specific LoRA provides competitive performance
compared to SFT.

This result should not be interpreted as evi-
dence that LoRA solves the merging problem.
Rather, it shows that adapter swapping can pre-
serve language-specific performance without re-
quiring full model copies. From a deployment per-
spective, this is attractive because the base model
can be shared while only the adapter weights
vary across languages. In Table 8, merged LoRA
adapters exhibit near-zero performance. This is
consistent with recent evidence that LoRA merg-
ing is substantially more challenging (Zhang and
Zhou, 2025), especially when LoRA has a higher
rank (Li et al., 2026). More specialized adapter-
merging methods may reduce this degradation.

Serving overhead. Adapter swapping also in-
troduces inference-side costs. A serving sys-
tem must select, load, cache, and route adapters,
especially when competitive adapters use high
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rank and all-linear placement (Aggarwal et al.,
2024). Multi-adapter serving systems such as
S-LoRA are motivated by these challenges, in-
cluding heterogeneous batching, adapter mem-
ory management, and CPU–GPU movement of
adapter weights (Sheng et al., 2024). Recent sys-
tems work further reports overheads from dynamic
adapter switching and fragmented CUDA kernel
calls (Kong et al., 2024). Thus, LoRA reduces
storage and enables modular serving, but it does
not provide the same abstraction as a single con-
solidated checkpoint.

Relation to full-checkpoint merging. The set-
ting studied in this paper is post-hoc consolida-
tion: independently trained full-parameter bilin-
gual checkpoints already exist, and the goal is
to combine them without access to the original
training data. LoRA swapping is relevant when
adapters are trained from the start and the serv-
ing stack supports dynamic routing. In our runs,
LoRA training also takes approximately 1.6× the
time of full SFT despite its memory and stor-
age advantages, consistent with observations that
high-rank LoRA can be slower than full SFT in
some regimes (Ko, 2025). Moreover, more com-
plex LoRA variants do not always improve target-
language learning over standard LoRA (Wijeward-
hana et al., 2026). The comparison in Table 8 is
therefore not entirely fair, since LoRA involves ex-
tra validation steps and longer runtime. In sum-
mary, LoRA is a practical deployment alterna-
tive when the system can retain and route sepa-
rate adapters, but it assumes access to LoRA-tuned
checkpoints.

6.3 Implications for Model Merging in
Multilingual Setups

Although not directly discussed previously, our
findings have indirect connections to existing
literature. Qu and Horváth (2025) show that
weight-space interpolation can attenuate input-
induced features through depth, allowing input-
independent components to dominate and degrad-
ing performance. In our experiments, merging se-
lectively suppresses language-specific generative
features, especially those concentrated in upper
transformer layers after fine-tuning.

Our neuron-level analysis further shows that
fine-tuning redistributes language specialization
across layers and increases divergence in higher
blocks. This connects to Git Re-Basin (Ainsworth

et al., 2023), which argues that successful merg-
ing requires models to occupy the same basin up
to permutation symmetries. When independently
fine-tuned translation models develop misaligned
upper-layer generative structures, weight averag-
ing combines incompatible subspaces, producing
the asymmetries and retention failures observed in
our experiments.

Finally, recent work suggests that multilingual
LLMs separate language-agnostic semantic cir-
cuits from language-specific output-control cir-
cuits, and that code-switching can arise when
the language-specific pathway is weakened (Xiao
et al., 2026). Our results align with this view in
the merging setting: failures are stronger when
target languages differ, suggesting that shared se-
mantic structure remains relatively compatible,
while language-specific generation mechanisms
are more fragile under weight-space fusion.

6.4 Way Forward

We do not propose a complete multilingual merg-
ing algorithm in this work. Instead, we outline di-
rections suggested by our observations.

Mixture-of-Experts over the final layers. A
natural direction is to use a Mixture-of-Experts-
like architecture over the final transformer layers,
but with deterministic language-level hard rout-
ing. In this design, the lower and middle layers are
merged into a shared multilingual trunk, while the
final few transformer layers are retained as target-
language-specific experts. At inference time, the
target language specified in the translation instruc-
tion selects the corresponding upper-layer expert.

The layer replacement experiments provide pre-
liminary support for investigating this direction.
After selecting the best default merged check-
point, we replace its final k transformer layers with
the corresponding layers from the target-language
fine-tuned model. As shown in Table 9, replac-
ing the final layers consistently improves SCE-
Merging, with larger improvements as k increases.
By contrast, replacing five randomly selected non-
final layers gives substantially weaker gains. The
same pattern is visible in Figure 3, where aver-
age CHRF improves steadily under final-layer re-
placement but remains much lower under random-
layer replacement. We find similar observations
for Task Arithmetic, and report them in Table 11.
We focus on these two methods because they had
the highest scores before replacement. A hard-
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Patch Type k BLEU CHRF

Hindi Bengali Tamil Telugu Avg. Hindi Bengali Tamil Telugu Avg.

Fine-tuned - Individual - 29.23 15.45 12.61 15.59 18.22 54.47 50.13 51.75 50.17 51.63
Multilingual f/t: En→Indic - 23.59 10.75 5.05 5.25 11.16 49.59 43.71 35.28 28.75 39.33
SCE-Merging 0 9.88 3.34 0.74 0.50 3.61 34.08 28.46 19.23 13.19 23.74

Last 1 11.25 4.07 1.03 0.58 4.23 36.12 31.88 23.53 15.29 26.71
Last 2 13.17 4.87 1.63 0.84 5.13 39.04 34.98 27.54 18.15 29.93
Last 3 15.18 6.29 1.97 1.42 6.22 41.90 38.25 30.08 21.19 32.85
Last 4 16.39 7.09 2.53 1.97 6.99 43.36 40.13 32.90 24.01 35.10
Last 5 16.22 7.33 2.98 2.27 7.20 43.34 41.13 35.08 26.13 36.42

Random 5 11.42 4.05 0.77 0.57 4.20 35.64 30.19 19.75 14.22 24.95

Table 9: Layer replacement after selecting the best default SCE-Merging checkpoint on En→Indic di-
rection. Last-k replaces the final k target-language transformer layers, while Random-5 replaces five
randomly selected layers excluding the final five.
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Figure 3: Effect of replacing Last-k and
Random-k layers with language-specific layers on
English→Indic translation.

routed last-layer expert architecture would there-
fore avoid averaging the most misaligned layers,
while still sharing most of the model through the
merged lower and middle blocks. This provides
a practical compromise between full model merg-
ing and maintaining one complete model per tar-
get language. However, hard routing, while suit-
able for our study, may not be suitable for non-
translation multilingual setups where the target
and source languages may not be obvious. In such
cases, training a router (Zhou et al., 2025) can be
considered for soft routing.

Mixing Different Languages during Fine-
tuning The results in Table 1 and Table 2 show
that multilingual fine-tuning is effective. In both
directions, the jointly fine-tuned model substan-
tially improves over the base, confirming that a
single checkpoint can support multiple language
pairs. Unlike post-hoc merging, the multilingual
model assumes joint access to all training data

and compute. Thus, poor merging performance
reflects the difficulty of combining independently
specialized checkpoints rather than limited model
capacity. Practitioners may retain some data
from related languages during pair-specific fine-
tuning (Rolnick et al., 2019; Arnal et al., 2026) to
preserve cross-language compatibility and avoid
over-specialization.

7 Conclusion

We presented a systematic study of weight-space
model merging for multilingual machine transla-
tion, focusing on the post-hoc consolidation set-
ting in which independently fine-tuned bilingual
checkpoints must be combined without access to
the original training data. Across shared-target,
shared-source, and bidirectional merging config-
urations, we find a strong directional asymmetry:
merging is substantially more effective when mod-
els share a target language, but degrades sharply
when target-side generation spaces differ.

Our analysis shows that independently fine-
tuned models activate largely overlapping neu-
ron sets, but their late-layer representational ge-
ometry becomes increasingly misaligned. These
findings clarify why standard weight-space merg-
ing methods, which are effective in many multi-
task settings, struggle in multilingual MT. Prac-
tically, our results suggest that future multilin-
gual consolidation methods should either preserve
cross-language compatibility during fine-tuning or
avoid averaging the most target-specific late lay-
ers. Overall, our work identifies target-side geo-
metric misalignment as a central obstacle to post-
hoc merging of multilingual generative models.
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A Experimental Setup

All full-model checkpoints are fine-tuned for 3 epochs with AdamW (Loshchilov and Hutter, 2019),
using a learning rate of 5 × 10−5, β = (0.9, 0.999), ϵ = 10−8, an inverse_sqrt learning-rate
scheduler, and a random seed of 42. Training is performed on 8 GPUs with per-device batch size 8 and
gradient accumulation of 16, resulting in an effective training batch size of 1024. Validation is performed
with the FLORES1 dev set (Team et al., 2022) for the corresponding language, and testing is performed
on the corresponding FLORES devtest split2.

For the English→Indic experiments, we train one model for each of Hindi, Bengali, Tamil, and Telugu.
To test whether the observations extend beyond the Indic setting, we additionally train English→German,
English→French, English→Arabic, and English→Ukrainian models. For German and French, we use
the WMT14 dataset3 (Bojar et al., 2014); for Arabic and Ukrainian, we use the OPUS-100 corpus4

(Zhang et al., 2020; Tiedemann, 2012). For each of these additional language pairs, we use up to 1M
English-source parallel sentence pairs. The corresponding FLORES language columns are used to con-
struct validation and test sets.

We also train LoRA adapters as a parameter-efficient alternative to full-model fine-tuning. LoRA
models use the same base model and supervised fine-tuning setup, with cutoff length 1024, pure_bf16
training, inverse_sqrt scheduling, AdamW optimization, maximum gradient norm 1.0, per-device
training batch size 8, gradient accumulation 16, and per-device evaluation batch size 16. We search LoRA
configurations separately for each language and select the best configuration by validation loss. The
search considers ranks r ∈ {64, 128}, scaling factors α ∈ {128, 256}, learning rates in {10−4, 5×10−5},
and dropout 0.05. We evaluate two target-module groups: feed-forward layers only, consisting of
gate_proj, up_proj, and down_proj; and all linear projection layers, consisting of q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj, and down_proj. After selecting the best
LoRA configuration for each language, we train the final LoRA adapter on the full training set for that
language. We release the trained model checkpoints at For model merging, we initially used MergeBench
(He et al., 2025) for TIES, DARE, and Task Arithmetic. We later switched to MergeKit (Goddard et al.,
2024), since it additionally supports SCE-Merging while retaining support for TIES, DARE, and Task
Arithmetic. For TIES, we sweep K ∈ {0.1, 0.2, . . . , 0.9} and scaling factors in {0.1, 0.2, . . . , 2.5}.
For DARE, we sweep sparsity in {0.1, 0.2, . . . , 0.9, 0.99} and scaling factors in {0.1, 0.2, . . . , 0.9}. For
Task Arithmetic, we vary scaling factors in {0.1, 0.2, . . . , 1.0}. For SCE-Merging, we vary topk in
{0.1, 0.2, . . . , 0.9}. For each method and merging configuration, we select the merged checkpoint with
the highest average BLEU (Papineni et al., 2002; Post, 2018) score over the languages involved. Ad-
ditionally, we report CHRF scores (Popović, 2015). We select the lowest-entropy fraction ρ = 0.1 of
neurons and use a high-percentile activation threshold τ = 0.8 when computing activation rates. Varying
these values changes absolute counts but preserves the overall trends.

B Limitations

The empirical scope of this work is necessarily bounded by the experimental setting considered. Our core
analysis uses a single backbone and scale, Qwen-2.5-3B-Instruct, which allows controlled mechanistic
and representation-level comparisons across fine-tuning and merging conditions. However, merging be-
havior may differ for substantially larger models or for different architectural families. To check whether
the observed degradation is specific to this backbone, we also conducted a parallel study with Llama-3.2-
1B for En→Indic directions and observed consistent trends in merging performance degradation. These
results are not included in the main paper due to space constraints and to keep the analysis focused, but
they provide additional evidence that the reported effects are not specific to Qwen-2.5-3B-Instruct.

A related point concerns the interpretation of language-specific results. The results should not be read

1https://huggingface.co/datasets/facebook/flores
2We release the model checkpoints at https://huggingface.co/collections/baban/

model-merging-for-machine-translation
3https://huggingface.co/datasets/wmt/wmt14
4https://huggingface.co/datasets/Helsinki-NLP/opus-100
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as showing that merging categorically fails for some languages while succeeding for others. For example,
the relatively stronger French result in Table 7 reflects the particular merged checkpoint selected for
test evaluation. Since checkpoint selection is based on the best average validation performance, the
reported model corresponds to the configuration with the strongest overall validation score. We observed
other merge configurations with more balanced performance across languages, but their average BLEU
was lower and therefore they were not selected for final test evaluation. Thus, apparent language-level
asymmetries should be interpreted as properties of the selected validation-optimal merge configuration
rather than as definitive evidence that merging is intrinsically viable for one language and not another.

A further limitation concerns the interpretation of the layer-replacement results in Table 9. Replac-
ing the final transformer layers consistently improves over the unmodified SCE-Merging checkpoint and
performs better than replacing randomly selected non-final layers. However, even the best layer-replaced
model remains substantially below both the multilingual and individual fine-tuning baselines. These
experiments therefore support the localization of merging interference in the upper layers, but do not es-
tablish that a hard-routed last-layer architecture would match conventional fine-tuning. We consequently
present this architecture as a direction for future investigation rather than as a complete solution.

Finally, our conclusions are conditioned on the full-parameter fine-tuning recipe used in this study. The
language-specific checkpoints exhibit substantial forgetting outside their supervised translation pairs.
Less aggressive optimization, earlier stopping, stronger regularization, or partial-parameter adaptation
might preserve more cross-language compatibility and consequently improve mergeability. We do not
investigate this specialization–mergeability trade-off. Similarly, the jointly fine-tuned baselines use the
reported common training recipe rather than an exhaustive multilingual hyperparameter search. A more
extensively optimized joint model could perform better, which would further increase its advantage over
post-hoc merging.

C Use of AI Assistance

We used ChatGPT (OpenAI et al., 2024) to support manuscript preparation. Specifically, we used it
for grammatical corrections, writing suggestions, and drafting Bash scripts to automate experiments.
All suggested text and scripts were checked by the authors before use, and all experimental results and
conclusions were independently verified by the authors.
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En→XX XX→En
Model Hindi Bengali Tamil Telugu Average Hindi Bengali Tamil Telugu Average

Base 27.97 23.54 24.12 15.78 22.85 43.29 39.08 21.26 24.76 32.10
Multilingual f/t: En↔Indic 46.71 41.36 34.05 26.66 37.19 51.92 44.51 31.92 27.57 38.98
Fine-tuned 54.47 50.13 51.75 50.17 - 62.21 59.42 54.72 57.61 -

Merged Models

Task Arithmetic 27.52 22.57 0.77 1.68 13.14 56.64 52.24 44.76 49.80 50.86
TIES 0.81 0.57 0.79 1.68 0.96 56.85 51.91 47.01 51.82 51.90
DARE 0.83 0.59 0.79 1.70 0.98 55.61 53.01 46.65 49.92 51.30
SCE-Merging 33.29 34.98 0.80 1.67 17.69 56.12 51.34 46.73 50.12 51.08

Table 10: CHRF scores for bidirectional merging.

Patch Type k BLEU CHRF

Hindi Bengali Tamil Telugu Avg. Hindi Bengali Tamil Telugu Avg.

Default 0 6.24 2.19 0.49 0.54 2.37 28.08 23.92 17.00 12.78 20.44

Last 1 7.93 2.61 0.71 0.51 2.94 31.23 27.32 19.48 13.82 22.96
Last 2 10.14 3.51 1.05 0.94 3.91 34.84 31.22 23.88 17.19 26.78
Last 3 12.14 4.37 1.33 1.41 4.81 38.54 34.26 27.82 20.58 30.30
Last 4 13.25 5.35 1.66 1.81 5.52 40.46 37.14 29.66 23.03 32.57
Last 5 13.07 5.70 2.24 2.22 5.81 40.72 38.53 32.40 25.65 34.33

Random 5 8.05 2.82 0.67 0.54 3.02 30.65 25.93 18.18 13.80 22.14

Table 11: Layer replacement after selecting the best default Task Arithmetic checkpoint. Last-k replaces
the final k target-language transformer layers, while Random-5 replaces five randomly selected layers
excluding the final five.

D CHRF Scores on Bidirectional Merging

Table 10 reports CHRF scores for bidirectional merging across the English→Indic and Indic→English
directions. The results show a clear directional asymmetry. For English→Indic, merged checkpoints de-
grade substantially, with most methods collapsing on Tamil and Telugu. In contrast, for Indic→English,
all merged models achieve strong CHRF scores and consistently outperform the multilingual fine-tuned
baseline. This indicates that merging is more effective when the merged checkpoints share a common tar-
get language, since the target-side generation distribution remains aligned across language pairs. When
the target languages differ, as in English→Indic, independently fine-tuned checkpoints develop language-
specific generation behaviors that are difficult to combine through direct weight-space merging.

E Layer Replacement on Task Arithmetic

Table 11 analyzes whether replacing selected target-language-specific layers after merging can recover
lost performance. Replacing the final transformer layers leads to steady improvements in both BLEU
and CHRF. The gains increase as more final layers are restored. In contrast, replacing five randomly
selected non-final layers provides only a small improvement over the default checkpoint. This supports
the observation that the most severe merging damage is concentrated in the upper transformer blocks,
which are closely tied to target-side autoregressive generation.

F Layer-wise Language-Specific Neurons

Language-specific neurons are mostly concentrated in the last layers of the network, especially for the
En→Indic direction, as shown for source and target spans in Figure 4 and Figure 5.

2396



Source Masked Activations

hi bn ta te
Language

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

La
ye

r

2 4 3 6

0 0 0 0

0 0 0 0

1 1 1 1

0 0 0 0

0 0 0 0

1 1 1 1

0 0 0 0

3 3 3 2

1 0 1 1

23 19 21 21

22 27 20 21

19 19 21 20

0 0 0 0

5 4 4 5

2 2 2 2

1 3 1 1

0 0 0 0

4 2 4 4

0 0 0 0

5 5 4 5

3 2 2 2

2 2 2 2

1 1 1 1

1 1 1 1

1 1 1 1

1 2 1 1

18 18 19 21

17 17 19 18

2 4 3 3

6 6 7 6

16 17 17 18

344 348 323 335

469 504 479 493

387 426 382 403

85 100 85 96

0

100

200

300

400

500

Ne
ur

on
 c

ou
nt

English→Bengali

hi bn ta te
Language

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

La
ye

r

5 7 5 8

0 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

1 0 1 0

1 1 1 1

1 1 1 1

2 1 2 2

1 1 1 3

101 89 90 98

72 84 92 75

33 31 30 29

5 6 8 6

9 8 9 10

4 3 4 3

0 0 0 0

1 0 0 1

9 7 7 7

3 5 4 3

15 17 18 16

3 7 7 6

1 4 3 2

0 1 1 1

1 0 0 0

1 1 1 1

0 0 0 0

5 4 3 6

5 5 6 5

0 1 0 0

1 1 1 1

5 4 4 5

22 27 31 30

27 26 31 30

21 25 27 21

8 8 9 9

0

20

40

60

80

100

Ne
ur

on
 c

ou
nt

English→Tamil

hi bn ta te
Language

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

La
ye

r

8 9 9 10

0 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

1 2 2 1

0 1 0 1

1 1 1 1

2 3 2 1

25 28 27 22

75 66 65 70

219 236 224 233

90 96 98 101

23 20 21 25

6 6 7 10

7 7 5 3

3 3 3 4

14 13 13 16

29 30 28 24

4 3 4 7

16 16 11 11

2 1 2 3

1 2 2 2

0 0 0 0

2 3 2 2

0 0 0 0

1 2 1 2

12 13 12 12

7 7 7 6

3 4 3 3

1 2 2 3

9 6 4 7

21 19 14 19

26 30 25 32

25 27 25 27

5 6 5 6

0

50

100

150

200

Ne
ur

on
 c

ou
nt

Instruct

hi bn ta te
Language

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

La
ye

r

15 20 15 20

0 0 0 0

0 0 0 0

1 1 1 1

0 0 0 0

2 4 3 4

2 2 2 2

0 0 0 0

13 14 14 14

11 12 12 10

28 21 27 26

22 23 21 20

20 23 23 21

1 2 2 2

2 3 3 3

1 2 1 1

1 1 1 1

0 0 0 0

4 3 3 3

2 0 0 0

14 15 16 16

6 4 5 4

0 3 0 0

2 3 3 2

4 4 4 3

7 5 7 7

2 3 2 2

21 24 24 27

11 10 12 12

7 7 7 6

10 11 9 8

6 7 6 6

54 56 57 59

71 66 66 63

47 47 44 46

32 38 35 41

0

10

20

30

40

50

60

70

Ne
ur

on
 c

ou
nt

English→Hindi

hi bn ta te
Language

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

La
ye

r

2 1 1 1

0 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

4 4 4 4

4 5 4 2

9 11 10 9

8 8 10 10

3 4 4 4

0 0 0 0

2 2 2 2

0 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

0 0 0 0

2 2 2 2

0 1 1 1

0 0 0 0

2 3 2 2

2 3 2 1

2 2 2 1

0 0 0 0

29 37 31 25

9 8 11 10

6 7 5 5

5 6 9 7

71 77 61 74

531 572 545 574

781 774 778 804

616 620 614 644

141 159 150 176

0

100

200

300

400

500

600

700

800

Ne
ur

on
 c

ou
nt

English→Telugu

Figure 4: Layer-wise neuron counts under source masking for English→Indic.
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Figure 5: Layer-wise neuron counts under target masking for English→Indic.
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