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Abstract

Cross-lingual transfer is uneven across tasks,
succeeding for natural language understanding
but often failing for mathematical reasoning.
We argue that this asymmetry is governed by
the geometry of parameter space. Specifically,
cross-lingual generalization is determined by
whether English and target-language LoRA
adapters share a low-error basin. To test this,
we use linear mode connectivity (LMC) be-
tween English and target-language adapters,
evaluating on three tasks. We find that NLI
and QA model-language pairs are mostly lin-
early connected, whereas mathematical reason-
ing (Math) pairs are not, indicating that basin
geometry is task-dependent. Such disconnec-
tion in Math is “local” rather than global. A
small target-language task sample, applied only
to the English adapter’s language encoding or
semantic composition layers, is enough to re-
pair it. Cross-lingual generalization is also fac-
torizable into language-specific encoding and
language-agnostic composition, each supplied
separately from a cheaper signal. English task
data routed to the composition layers and an un-
labeled target-language corpus routed to the lan-
guage encoding layers each alleviate it on their
own for nearly every pair. Composition is the
more influential of these, and it needs no target-
language data. Together, these results suggest
that cross-lingual generalization decomposes
into language-specific and language-agnostic
components in parameter space. This decompo-
sition offers a practical route for low-resource
cross-lingual adaptation.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across a wide range of NLP
tasks, including natural language understanding
and reasoning tasks (OpenAl, 2023; Grattafiori
et al., 2024; Gemma Team, 2024; Qwen Team,
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2025; Gemini Team, 2023). However, these ca-
pabilities remain largely English-centric. This has
driven growing interest in cross-lingual transfer,
which leverages the strong capabilities of high-
resource languages (e.g., English) to improve per-
formance in other languages (Lauscher et al., 2020;
Conneau et al., 2020; Hu et al., 2025; Bandarkar
et al., 2025). Among these, a growing line of work
performs cross-lingual transfer with LoRA for ef-
ficient adaptation to target languages (Whitehouse
et al., 2024; Zhao et al., 2025).

But why is such cross-lingual transfer success-
ful in some cross-lingual settings but not in oth-
ers? Prior work approaches this question either
externally, through properties of the language pair,
or internally, through the mechanisms of an iso-
lated pre-trained model. Specifically, the former
predicts how well generalization will transfer be-
tween languages from properties of the language
pair such as typological distance (Lin et al., 2019;
Philippy et al., 2023). However, since these proper-
ties are tied to language pairs rather than models,
they cannot account for variation across different
models or tasks for the same pair. Alternatively, the
latter probes the phenomenon internally, through
neuron-level analyses (Tang et al., 2024; Kojima
et al., 2024) and representation-level analyses that
characterize how representations evolve along the
depth of the model (Wendler et al., 2024; Wu et al.,
2025; Zhong et al., 2025). Yet these analyses only
examine the internal mechanisms of an isolated
pre-trained model and do not explicitly compare it
against an expert model specialized for the target
language. We instead study cross-lingual general-
ization in parameter space, comparing the English
adapter with a target-language expert. This shifts
the question from external linguistic properties or
internal pre-trained representations to the geometry
of adaptation itself.

A natural lens for this geometry is linear mode
connectivity (LMC), which evaluates whether two

59673

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 59673-59692
October 24-29, 2026 ©2026 Association for Computational Linguistics



models fine-tuned from the same initialization
share the same error basin (Frankle et al., 2020; En-
tezari et al., 2022). Applied to English and target-
language adapters, LMC indicates whether they
lie within a connected low-error region, providing
a parameter-space probe for cross-lingual gener-
alization. LMC has been studied for pre-trained
language models (Qin et al., 2022) and multi-task
LoRA adapters (Zhuang et al., 2025), but not yet
for the cross-lingual case.

We cover cross-lingual generalization across
three models and three tasks spanning natural lan-
guage understanding (NLI and QA) and mathemat-
ical reasoning (Math). Our analysis surfaces three
findings. First, basin geometry is task-dependent:
NLI and QA model-language pairs are almost al-
ways linearly connected, while Math pairs largely
fail to connect. Second, this deficit is local rather
than global: adapting either the early or the mid-
dle layers alone restores connectivity in Math,
while the final layers contribute little. Relative
to the target-language adapter, this indicates that
the English adapter falls short in input encoding
and semantic composition, not in output decod-
ing. Third, cross-lingual generalization is factor-
izable into language-specific input encoding and
language-agnostic semantic composition. Each
improves LMC on its own for nearly every pair,
composition from English task data at the middle
layers and language-specific processing from an
unlabeled corpus at the early layers. Neither signal
requires target-language task labels. Of the two,
semantic composition is the more influential factor,
and the language-specific signal adds little beyond
it. Together, these findings reveal cross-lingual
generalization as the parameter-space alignment of
two components that can be addressed separately
through layer-targeted training. In practice, En-
glish task supervision at the composition layers
alone can extend an English adapter to a new target
language, without any target-language data.

Our contributions are as follows:

* A parameter-space characterization of cross-
lingual generalization through LMC, applied
across three LLMs, three tasks, and four target
languages.

» Evidence that cross-lingual generalization is
task-dependent rather than monolithic, with
NLU adapter pairs connecting cleanly while
Math pairs largely fail to connect.

* A layer-level localization of the generaliza-
tion deficit, showing that adapting only the
adapter’s early or middle layers suffices to
repair it.

* A parameter-space factorization of cross-
lingual generalization into language-specific
processing and language-agnostic composi-
tion. It is exploitable through layer-targeted
training on English supervision alone, without
any target-language data.

2 Related work

Cross-lingual transfer. A broad line of work has
pursued cross-lingual transfer, improving its per-
formance through various adaptation and merging
strategies. Early work demonstrated that multi-
lingual language models achieve zero-shot cross-
lingual transfer (Pires et al., 2019; Conneau et al.,
2020). Subsequent work has improved transfer per-
formance through representation alignment (She
et al., 2024), merging-based approaches that com-
pose language and task modules in parameter
space (Ansell et al., 2022; Zhao et al., 2025; Ban-
darkar et al., 2025; Chen et al., 2025), and lever-
aging internal English knowledge (Etxaniz et al.,
2024; Zhu et al., 2024a). However, these stud-
ies build transfer by composing language and task
modules. We instead use parameter-space geome-
try to characterize when cross-lingual generaliza-
tion holds, rather than to produce it.

Localizing cross-lingual generalization. What
drives cross-lingual generalization has been ana-
lyzed through external linguistic features (Lin et al.,
2019; Ahuja et al., 2022; Philippy et al., 2023;
Blaschke et al., 2025). Riemenschneider and Frank
(2025) go further and argue that cross-lingual trans-
fer is better treated as an evaluation method than
as a capability in itself. These studies describe
transfer from the outside and leave open where,
if anywhere, it is realized inside the model. This
motivates a line of work that asks where inside
a pre-trained LLM cross-lingual generalization is
realized, locating it along the depth of the network.

Neuron-level analyses suggest that this gener-
alization is realized in the interior of the network.
Activations sensitive to a specific language tend to
concentrate near the outer portions rather than the
interior (Tang et al., 2024; Kojima et al., 2024; Zhu
et al., 2024b). Logit-lens and activation-patching
studies localize generalization to the same interior
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region from a representational standpoint (Wendler
et al., 2024; Zhao et al., 2024; Schut et al., 2025;
Wau et al., 2025). They show that the inner forward
pass operates in a language-agnostic (or English-
aligned) space, with the target language emerg-
ing only near the output. Some work argues that
language-agnostic and language-specific represen-
tations can coexist along the same layers (Chang
et al., 2022; Brinkmann et al., 2025; Dumas et al.,
2025; Fierro et al., 2025). Other work finds that the
dominant internal latent language is itself shaped
by the pre-training mixture rather than defaulting to
English (Zhong et al., 2025). However, all of these
analyses operate within the internal representations
and computations of the model. They leave un-
examined the parameter-space geometry between
an isolated pre-trained model and an expert model
specialized for the target language.

Linear mode connectivity. A series of studies
has established that models sharing the same ini-
tialization occupy the same error basin, giving rise
to LMC as a tool for probing the structure of er-
ror landscapes (Frankle et al., 2020; Neyshabur
et al., 2020; Entezari et al., 2022). Qin et al. (2022)
provided the first systematic LMC analysis of pre-
trained language models. Recent work has exam-
ined LMC of LoRA adapters in multi-task scenar-
10s (Zhuang et al., 2025). However, all previous
LMC studies in NLP compare endpoints trained on
the same language data, leaving the geometry be-
tween English and target-language adapters outside
their scope.

3 Evaluation design for research
questions

Research questions. We investigate cross-
lingual generalization through three questions,
each established in a later section. First, is cross-
lingual generalization task-dependent rather than
uniform across tasks (§4)? Second, when it breaks
on Math, is the deficit layer-localized rather than
global (§5)? Third, does the deficit factorize into
two separately suppliable components (§6)? All
three questions rest on the same parameter-space
probe, which we lay out in the remainder of this
section.

Tasks and datasets. Our experiments cover three
tasks that range from NLU to mathematical reason-
ing: NLI, QA, and Math, with English as the pivot
language. Across all three tasks, we use datasets
whose multilingual training and test sets are trans-

lations of a common English source. This ensures
that differences in basin structure across adapters
reflect language rather than data content.

Models and training. To ensure that our anal-
ysis is not tied to a single model, we use three
instruction-tuned LLMs of similar scale: Llama
3.1-8B-Instruct (Grattafiori et al., 2024), Qwen3-
8B (Qwen Team, 2025), and Gemma 2-9B-
it (Gemma Team, 2024) as base models. Each
model is fine-tuned independently on English
or corresponding target language using LoRA
adapters (Hu et al., 2022), sampling 5,000 exam-
ples per language. Target-language data is scarce in
practice, so an adapter fine-tuned directly on such
data is the ideal comparison endpoint for the En-
glish adapter. All adapters are trained for 3 epochs
using LlamaFactory (Zheng et al., 2024). Further
experimental details are provided in Appendix A.

Linear mode connectivity. To understand cross-
lingual generalization through the lens of parame-
ter space, we use linear mode connectivity. LMC
tests whether two models trained from the same
initialization occupy the same error basin (Fran-
kle et al., 2020; Neyshabur et al., 2020; Entezari
et al., 2022). We adapt it to the cross-lingual set-
ting by measuring connectivity between an English
adapter and each target-language adapter, both fine-
tuned from the same base model. Given English
adapter parameters 6., and target-language adapter
parameters 6y, we evaluate the task metric M (6,,)
along the linear path 8, = (1 — )8cn + By
for « € {0,0.1,...,1.0}. If performance does
not degrade along this path, no error barrier ex-
ists between the two adapters, indicating that they
are linearly connected and lie in the same error
basin. Specifically, we regard a adapter pair as lin-
early connected when no valley appears along the
path and the English adapter matches the target-
language adapter in performance. The barrier
height (Entezari et al., 2022) quantifies the maxi-
mum performance drop along this path:

B = sgp[(l — )M (Oen) + M (0ig) — M(6,,)].
ey

Since the target-language adapter is fine-tuned
directly on target-language task data, it converges
to a low-error basin on the target-language distri-
bution. When the English adapter is linearly con-
nected to it, the interpolation path remains within
this basin, placing the English adapter in the same
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Figure 1: Linear interpolation paths between the English adapter (o« = 0) and the target-language adapter (o = 1)
for NLI and QA. The first row reports accuracy evaluated on XNLI, and the second row reports F1 evaluated on
XQuAD. Each subplot reports task performance in the respective target language along the interpolation path.

target-language low-error region. We therefore in-
terpret LMC between English and target-language
adapters as parameter-space evidence of cross-
lingual generalization. Specifically, the English
adapter generalizes to the target-language distri-
bution as effectively as the target-language oracle
adapter.

Multilingual workflow. The internal behavior of
multilingual LLMs has been characterized by the
multilingual workflow (MWork) hypothesis, un-
der which a multilingual LLM processes an input
through three sequential stages (Zhao et al., 2024;
Wendler et al., 2024). The early-layer stage en-
codes input tokens, written in the query language,
into a concept-space representation that is largely
language-agnostic (and empirically closer to En-
glish). The middle-layer stage operates on this
representation to build a semantically correct next-
token representation. The final-layer stage then de-
codes this representation back into the output space
of the original input language. We utilize MWork
to interpret LMC between an English adapter and
a target-language adapter. When the two adapters
are not linearly connected, we attribute the failure
to the English adapter lacking sufficient ability at
one or more MWork stages. Building on this view,
we perform a layer-wise analysis to localize where
such deficiency arises.

4 Cross-lingual generalization is mirrored
by linear mode connectivity

Summary. Cross-lingual generalization mani-
fests as LMC in parameter space between the En-

glish and target-language adapters. This connec-
tivity is sharply task-dependent. It holds for NLI
and QA but breaks for Math. Prior work has of-
fered limited insight into why it varies in this way,
treating cross-lingual generalization as a largely
monolithic phenomenon.

4.1 NLIand QA

Setup. For NLI, we train on the machine-
translated multilingual NLI dataset (Laurer et al.,
2024) and evaluate on XNLI (Conneau et al.,
2018), covering Arabic (ar), German (de), Span-
ish (es), French (fr), Hindi (hi), Russian (ru),
Swabhili (sw), Vietnamese (vi), and Chinese (zh).
For QA, we train on the translated SQuAD data
from XTREME (Hu et al., 2020) and evaluate on
XQuAD (Artetxe et al., 2020), covering Arabic
(ar), German (de), Spanish (es), Hindi (hi), Rus-
sian (ru), Thai (th), Vietnamese (vi), and Chinese
(zh). These languages were chosen to cover com-
monly used low-, medium-, and high-resource lan-
guages. In the main text, we report Spanish (es),
Hindi (hi), and Chinese (zh) for both tasks, as well
as Swabhili (sw) for NLI and Thai (th) for QA, with
the remaining languages provided in Appendix B.
Task metrics are accuracy for NLI and F1 for QA.

NLU exhibits no error barrier and satisfies
cross-lingual generalization. The NLI and QA
paths in Figure 1 are mostly flat with no error bar-
rier. For these NLU tasks, the English and target-
language adapters lie in the same low-error basin,
indicating that the English adapter already general-
izes to the target language. As edge cases, a single
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Figure 2: Linear interpolation path between English adapter (o = 0) and target-language adapter (v = 1) on Math.
Each subplot shows accuracy evaluated on MGSM in the respective target language.

NLI pair (sw) and a single QA pair (th) show a
slight rise in the middle of the interpolation path
(third column in Figure 1). This mild fluctuation
still keeps both adapters within a single shared
basin on the target language.

4.2 Mathematical reasoning

Setup. For mathematical reasoning (Math), we
train on MGSMS8KInstruct (Chen et al., 2024) and
evaluate on MGSM (Shi et al., 2023). MGSM
covers Bengali (bn), German (de), Spanish (es),
French (fr), Japanese (ja), Russian (ru), Swahili
(sw), Thai (th), and Chinese (zh), from which we
retain a model-specific subset (Table 1). We re-
strict our analysis to (model, language) pairs whose
target-language adapter improves over the zero-
shot instruction-tuned model (the base model in our
setup) on the LMC evaluation set. This improve-
ment ensures that the target-language adapter is the
oracle that our analysis assumes, rather than a failed
one. Such failures occur when the instruction-tuned
model is already strong and small-scale fine-tuning
degrades it below the zero-shot baseline. For NLI
and QA, every language satisfies the criterion for
every model, so all models share the same language
set in each task. For Math, the screen is selective
and produces model-specific sets, reported in Ta-
ble 1. Task metrics are accuracy for Math.

Math adapters are not linearly connected and
fail to satisfy cross-lingual generalization. Fig-
ure 2 shows that in Math, the English and target-
language adapters consistently fail to share a basin
on the target language, although the form of this
failure varies across pairs. First, for Llama3.1-8B
on bn and Qwen3-8B on th, an error barrier sep-
arates the two adapters, placing them in different
basins even though their endpoint performance is
comparable. This leaves it unclear whether the
English adapter generalizes to the target language.
The monotonically increasing cases also occur for
Qwen3-8B on bn and sw, with sharper rises than

Lang | Llama3.1-8B  Qwen3-8B  Gemma2-9B
bn +0.190 +0.296 -0.072
de -0.140 -0.064 -0.068
es -0.108 -0.056 -0.104
fr -0.156 -0.108 -0.168
ja -0.088 -0.152 -0.100
ru -0.132 -0.044 -0.116
sw -0.104 +0.080 -0.048
th -0.112 +0.108 -0.060
zh -0.132 -0.128 -0.052

Table 1: Language selection for Math (MGSM).

Each entry is the accuracy improvement of the target-
language adapter over the base model (i.e., instruction-
tuned model) on the target-language test set. Entries
with positive value (selected pairs) are shown in bold.

in the NLU setting, most pronounced for sw. This
indicates that the English adapter lies even further
outside the target-language basin and thus lacks, to
an even greater extent than in NLU, the additional
cross-lingual ability that Math requires. In sum-
mary, the contrast between NLU and Math shows
that cross-lingual generalization is not monolithic.
Its basin geometry is governed by task type, with
most pairs linearly connected in NLU and LMC
rarely observed in Math.

5 Localizing the abilities that improve
cross-lingual generalization

Summary. When cross-lingual generalization
breaks, the deficit is local rather than global, re-
coverable by adapting a single layer group and
confined to the early and middle layers. Sec-
tion 4 showed that this breakdown occurs for Math
while NLU pairs stay connected, which leaves open
whether the Math gap reflects a global mismatch
or a localized one. Relative to the target-language
oracle, we ask which ability the English adapter
lacks on Math, and whether the deficit can be re-
paired by adapting only the corresponding layers.
We pursue this question through MWork, which as-
signs distinct functional roles to the early, middle,
and final layers. We localize the deficit by adapting
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Figure 3: Linear interpolation path between ability-adapted English adapter (v = 0) and target-language adapter
(e = 1) on Math. Rows correspond to early-layer (S7), middle-layer (S2), and final-layer (S3) adaptation,
respectively. Each column corresponds to a target language, and each subplot shows accuracy evaluated on MGSM

in that language.

each group in isolation on the target-language task
dataset. The group that restores connectivity then
pinpoints the ability the English adapter lacks.

5.1 Setup

Layer-group adaptation. Recall that MWork
attributes early layers to language-specific input
encoding, middle layers to language-agnostic se-
mantic composition, and final layers to language-
specific output decoding. We isolate each of these
three layer groups and continually fine-tune them
to enhance the corresponding ability. We then ex-
amine how this targeted adaptation affects cross-
lingual LMC and, in turn, cross-lingual general-
ization. Specifically, for each target language, we
randomly sample 500 target-language training ex-
amples from the Math dataset (MGSMS8KInstruct).
Starting from the English adapter parameters Oy,
we continually fine-tune only a chosen layer group
S C {1,...,L} on these samples for 3 epochs.
The remaining layers stay frozen at the English
adapter values. We then evaluate the task met-
ric M(6%) along the linear path 85 = (1 —
)05, + B between the ability-adapted English
adapter 9;1 and the target-language adapter 0,
with @ € {0,0.1,...,1.0}. A previously discon-

nected pair may become linearly connected once
we strengthen a specific ability. We take this as
evidence that the corresponding ability is what the
English adapter lacks for cross-lingual generaliza-
tion.

Analysis setup. We report results across all three
layer groups: early (S; = {1,...,[L/3]}), mid-
dle (So = {[L/3] +1,...,[2L/3]}), and final
layers (S3 = {[2L/3] +1,..., L}). We focus this
analysis on Math, the task whose adapter pairs are
linearly disconnected.

5.2 Results

One of the abilities the English adapter lacked
is language-specific input encoding. Adapting
only the early layers makes most adapter pairs lin-
early connected on Math (first row of Figure 3).
Early-layer adaptation can relocate the English
adapter into the target-language basin without al-
tering the remaining layers. The only residual case
is Qwen3-8B on sw, which does not become lin-
early connected, yet its steep monotonic increase
before adaptation is clearly attenuated. Within
MWork, this restoration indicates that the English
adapter’s input encoding generalizes less well to
target-language inputs than the target-language
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Figure 4: Linear interpolation path between routed-adaptation English adapter Oen (a = 0) and target-language
adapter Oy (oo = 1) on Math. Rows correspond to routing only the corpus signal to S; (Early only), routing only
the English task signal to Sy (Middle only), and routing both signals jointly (Early and Middle), respectively. Each
column corresponds to a target language, and each subplot shows accuracy evaluated on MGSM in that language.

adapter. Early-layer adaptation thus identifies
language-specific input encoding as one of the abil-
ities the English adapter must improve for cross-
lingual generalization.

Language-agnostic semantic composition is an-
other ability in which the English adapter was
deficient. Middle-layer adaptation also makes
most adapter pairs linearly connected on Math,
restoring the English adapter’s semantic compo-
sition to the level of the target-language adapter
(second row of Figure 3). Qwen3-8B on sw still
increases monotonically, but its barrier is mitigated
relative to the naive English adapter. This sug-
gests that the naive English adapter’s language-
agnostic semantic composition does not fully gener-
alize to target-language inputs as well as the target-
language adapter does. Middle-layer adaptation
thus identifies language-agnostic semantic compo-
sition as another ability the English adapter lacks
relative to the target-language adapter, which can
limit cross-lingual generalization.

Language-specific output decoding is less bene-
ficial for achieving cross-lingual generalization.
Among the three layer groups, final-layer adapta-

tion produces the weakest connectivity, although
only some of its error barriers become milder after
adaptation (third row of Figure 3). More pairs fail
to become linearly connected than under early- or
middle-layer adaptation, and these failures show
increases, with Llama3.1-8B on bn as the most no-
table case. The final layers likely still operate on
the original upstream English representation, so
adapting their decoding alone may not relocate the
adapter into the target-language basin. Final-layer
adaptation thus identifies language-specific decod-
ing as an ability that does not drive cross-lingual
generalization, in contrast to the early and middle
layers.

6 Factorizing cross-lingual generalization
without target-language labels

Summary. Cross-lingual generalization factor-
izes in parameter space into two components, a
language-specific input encoding and a language-
agnostic semantic composition. Each can be sup-
plied separately from a cheaper signal matched to
its role under MWork, without any target-language
task labels. The localization in Section 5 relied
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on the full target-language task signal, which bun-
dles language and task together. We establish fac-
torization by decomposing this signal and rout-
ing each part to its matched layers. We route a
target-language corpus to S, since input encod-
ing is language-specific. Semantic composition, by
contrast, is language-agnostic, so English task data
alone suffices at So.

6.1 Setup

Routed adaptation. Following the per-layer
adaptation of Section 5, we now route two dis-
tinct training signals to two disjoint layer groups.
Specifically, for each target language we randomly
sample 500 sentences from the target-language
CulturaX (Nguyen et al., 2024) corpus and 500
English training examples from the Math dataset
(MGSMB&KInstruct). Starting from the English
adapter parameters 8.,, we jointly fine-tune the
language encoding layers S; on the corpus and
the composition layers So on the English task for
3 epochs. This yields a routed English adapter
Ocn. We then evaluate the task metric M (6,,)
along the linear path éa =(1- a)éen + abgy
for « = {0,0.1,...,1.0}.

Analysis setup. We compare three routing vari-
ants, namely the corpus signal alone to .S; (Early
only), the English task signal alone to S5 (Middle
only), and both signals jointly (Early and Middle).
Throughout this section, we quantify the effect of
routed adaptation as the reduction in barrier height
B (Eq. 1) relative to the naive English adapter.

6.2 Results

Semantic composition is the most dominant fac-
tor. Each single-signal routing lowers the barrier
on Math for nearly every pair, without any target-
language task labels (second and third rows of Ta-
ble 2, first and second rows of Figure 4). Compo-
sition routing (Middle only), the English task at
So, is the stronger factor. On average it lowers the
barrier from 0.102 to 0.084 and is the only vari-
ant to raise accuracy above the naive adapter, from
0.468 to 0.478. Language routing (Early only),
the corpus at S1, also lowers the barrier, to 0.086,
but slightly reduces accuracy. Cross-lingual gen-
eralization thus factorizes into a language-specific
input encoding and a language-agnostic semantic
composition, with semantic composition the most
important factor.

Composition alone accounts for much of the
gain. Adding the language signal to composition
does not improve on composition alone (fourth row
of Table 2, third row of Figure 4). The joint routing
(Early and Middle) matches composition routing
on the average barrier (0.084) but reaches a lower
accuracy of 0.458, below the latter’s 0.478. Compo-
sition routing therefore attains the highest accuracy
and the lowest barrier of any variant. This result is
also shown for Qwen3-8B bn, where composition
routing reaches the lowest barrier along its interpo-
lation path (Figure 4). The other routings lower the
barrier less than composition alone. Composition
thus emerges as the primary, label-free driver of
cross-lingual generalization.

Baseline | Avg Acc. (Avg. B)
naive 0.468 (0.102)
E 0.456 (0.086)
M 0.478 (0.084)
E+M 0.458 (0.084)

Table 2: Average accuracy and barrier height B of the
routing variants on Math (MGSM). Averages are com-
puted over the four (model, language) pairs: Llama3.1-
8B bn, Qwen3-8B bn, Qwen3-8B sw, and Qwen3-8B
th. Rows denote the naive English adapter (naive) and
three routing variants, namely Early only (E), Middle
only (M), and Early and Middle (E+M). Bold denotes
the highest accuracy and lowest barrier height.

Composition routing extends an English model
to a new language without target-language data.
This factorization has a concrete practical con-
sequence. Because the composition layers are
language-agnostic, English task supervision at
So alone improves cross-lingual connectivity for
nearly every pair. This requires no target-language
data, neither task labels nor an unlabeled corpus.
The supervision also uses only a small number
of English task samples, which keeps the recipe
practical in low-resource settings. Target-language
task annotations, by contrast, remain a primary
bottleneck for cross-lingual adaptation. Compo-
sition routing thus offers a label-efficient path to
extending an English-trained model to a new target
language.

7 Conclusion

Cross-lingual generalization is governed by
whether English and target-language adapters share
a low-error basin in parameter space. Using linear
mode connectivity (LMC) between English and
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target-language LoRA adapters across three tasks,
we surface three findings. First, the geometry is
task-dependent, with NLI and QA model-language
pairs mostly linearly connected while mathemati-
cal reasoning (Math) pairs largely fail to connect.
Second, the Math deficit is layer-localized, since
a small target-language task sample on only the
language encoding or semantic composition layers
can restore LMC. Third, the geometry is factoriz-
able. An unlabeled target-language corpus routed
to the language-specific layers and English task
supervision routed to the composition layers each
lower the barrier on their own for nearly every pair.
Composition is the stronger of the two, as English
supervision on it alone achieves this without any
target-language data, offering a practical route for
low-resource cross-lingual adaptation.

Limitations

Our study has several limitations. First, mathe-
matical reasoning is the only non-NLU task in our
experiments. Our experimental design requires par-
allel multilingual training data translated from the
same English source, so that differences in basin
structure can be attributed to language rather than
data content. Few multilingual reasoning datasets
satisfy this constraint. Second, MWork was orig-
inally formulated based on observations of pre-
trained models, and its layer-wise functional de-
composition may not transfer cleanly to fine-tuned
adapters. Our interpretations under MWork should
therefore be regarded as suggestive rather than con-
clusive. Third, our experiments are limited to 8B-
parameter models, and whether larger or smaller
models exhibit the same basin structure has not
been tested. Fourth, due to a limited computational
budget, our analysis is confined to a LoRA-only
setting. Whether full fine-tuning yields the same
connectivity patterns remains an open question.
Fifth, our Math analysis covers only the small and
model-specific subset of (model, language) pairs
that pass the adapter-improvement criterion, leav-
ing most languages and the entire Gemma model
outside its scope. With broader multilingual reason-
ing datasets, future work could extend the analysis
to the languages and models that this criterion cur-
rently excludes.
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A Experimental details

A.1 Datasets

The per-language sizes of our training and evalua-
tion sets vary across tasks. For training, we draw on
the machine-translated multilingual NLI set with

approximately 25,000 examples per language for
NLI (Laurer et al., 2024), the translated SQuAD
set with approximately 80,000 for QA (Hu et al.,
2020), and MGSMS8KInstruct (Chen et al., 2024)
with approximately 7,500 for Math. From each set,
we sample 5,000 examples per language so that the
training size is fixed across tasks. For evaluation,
we test NLI on the XNLI test set with 5,000 ex-
amples per language (Conneau et al., 2018), QA
on the XQuAD test set with 1,190 (Artetxe et al.,
2020), and Math on MGSM (Shi et al., 2023) with
250.

A.2 Training

All adapters use LoRA (Hu et al., 2022) with rank
16, alpha 32, and dropout 0.05, applied to the query,
key, value, and output projections as well as the
gate, up, and down projections. The maximum
sequence length is set per task to match the input
distributions, with 1,024 tokens for Math, 512 for
NLI, and 1,536 for QA. These lengths reflect the
long reasoning chains in MGSMS8KInstruct, the
short premise and hypothesis pairs in NLI, and the
Wikipedia-style passages in QA. All adapters are
trained by using 4 NVIDIA RTX A6000 GPUs.

We optimize with a cosine schedule, a warmup
ratio of 0.15, and weight decay of 0.01. The learn-
ing rate is 10~ for Math, 2 x 10~* for NLI, and
10~ for QA. We train all three tasks for 3 epochs.
The effective batch size is held at 16 across tasks,
with the per-device batch size and gradient accu-
mulation steps set to 2 and 8 for Math and QA and
to 4 and 4 for NLI. Training uses bfloat16 mixed
precision, gradient clipping at 0.5, and a fixed seed
of 42.

We consider the following adaptation regimes,
all initialized from the English adapter:

* Ability-adapted English adapter 05{“: From
the English adapter 6.,, freeze all LoRA
parameters outside layer group Sy €
{51, 52,53} and continue SFT on target-
language task data. We use random-sampled
500 examples per language with seed 42.

* Routed-adaptation English adapter Ocn:
From the English adapter, freeze all LoORA
parameters outside the assigned routing slices
and continue training with two parallel SFT
losses. We use random-sampled 500 exam-
ples per language with seed 42. The total loss
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Baseline | Llama3.1-8B bn  Qwen3-8B bn  Qwen3-8B sw  Qwen3-8B th | Avg Acc. (Avg. B)
naive 0.460 (0.110) 0.488 (0.062)  0.228 (0.162)  0.696 (0.074) 0.468 (0.102)
E 0.440 (0.092) 0.476 (0.066)  0.256 (0.142)  0.652 (0.044) 0.456 (0.086)
M 0.456 (0.104) 0.572 (0.034) 0.216 (0.162)  0.668 (0.036) 0.478 (0.084)
E+M 0.452 (0.082) 0.496 (0.056)  0.228 (0.156)  0.656 (0.042) 0.458 (0.084)

Table 3: Per-pair accuracy and barrier height B of the routing variants on Math (MGSM). There are four baselines
with three routing variants: naive English adapter (naive), namely Early only (E), Middle only (M), and Early and
Middle (E+M). For each model-language pair, bold denotes the highest accuracy and lowest barrier height.

is defined as:

Etotal = /\langﬁlang + /\taskﬁtaska

where Ljap is the standard causal-LM
SFT cross-entropy computed on the target-
language CulturaX (Nguyen et al., 2024) cor-
pus (SFT-formatted), and Ly,g is computed
using only English task data. We set Ajgpg =
Aask = 1. Each loss term exclusively up-
dates the parameters of its assigned layer slice
(i.e., Liang updates layers k € Siang, and Liaex
updates layers k € Sgsk). Specifically, the
Language routing (Early only) variant isolates
updates to S via Ljang, leaving L,k inactive
(Stask = 0). The Composition routing (Middle
only) configuration does the reverse, updating
So via Lk While Liang is disabled. In Joint
routing (Early + Middle), both losses are em-
ployed simultaneously, with Lj,,, modifying
S1 and L modifying S5.

A.3 Inference

At inference, decoding is greedy with temperature
0 and a batch size of 8. We set the maximum num-
ber of new tokens to 512 for Math, 8 for the NLI
label, and 64 for the QA short answer. Inputs are
formatted with the LlamaFactory template (Zheng
et al., 2024). Every inference was conducted using
4 NVIDIA RTX A6000 GPUs.

A.4 Discussion of artifacts

All artifacts used in this research are publicly avail-
able under licenses permitting academic use. For
the datasets, XNLI and MGSM are licensed under
CCBY-NC 4.0, XQuAD under CC BY-SA 4.0, and
MGSMS8KInstruct under the MIT License, while
the CulturaX corpus follows mC4 and OSCAR 1li-
censes. For the experimental codebase, we utilized
LlamaFactory, which operates under the Apache
License 2.0. Regarding the models, Qwen is dis-
tributed under the Apache License 2.0, whereas
Llama and Gemma are used under their custom
research licenses.

Lang | MGSM  MSVAMP
bn +0.104 +0.022
de +0.184 -0.032
es +0.060 -0.073
fr +0.068 -0.060
ja +0.004 -0.023
ru +0.116 -0.056
SwW +0.268 +0.372
th +0.080 -0.040
zh -0.104 -0.141

Table 4: Language selection for Math (MGSM and
MSVAMP) on Qwen3-1.7B. Each entry is the accuracy
gain of the target-language adapter over the base model
(i.e., instruction-tuned model) on the target-language
test set. Bold entries indicates pairs with positive gain
(i.e., the selected pairs).

B Additional results

B.1 NLIand QA

The NLI and QA paths in Figures 5 and 6 are
mostly flat with no error barrier. For NLU tasks,
the English and target-language adapters lie in the
same low-error basin, indicating that the English
adapter already generalizes to the target language.
As edge cases, three pairs rise monotonically from
the English endpoint to the target-language end-
point: swon NLI and ru and th on QA. The first
two appear in the main text, while ru is addition-
ally surfaced here. This indicates that the English
adapter lies outside the target language’s low-error
basin, suggesting that it lacks, relative to the target-
language adapter, the ability required for cross-
lingual generalization.

B.2 Sensitivity analysis of layer grouping

We examine layer-group adaptation under two addi-
tional splits to verify that the layer-localized deficit
in Section 5 holds even if the layer split is different.
Following prior work that treats the middle layer as
performing language-agnostic composition (Zhao
et al., 2024; Bandarkar et al., 2025), we split layers
by expanding the middle layer group. Specifically,
we set two split variants: a 15 : 70 : 15 and a
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20 : 60 : 20 split for the early (57), middle (S5), tation becomes less effective as the middle-layer
and final (S3) layer groups, respectively. group grows larger. This suggests that within the
early layer group, layers closer to the middle layers

In Figure 7 and Figure 8, layer-group adapta- . _ ad
contribute more to cross-lingual generalization.

tion typically makes adapters linearly connected
regardless of the split, consistent with the main
text. Middle layer adaptation mitigates the barrier
robustly across both splits, while early-layer adap-
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Baseline | Avg Acc. (Avg. B)
naive 0.367 (0.029)
E 0.276 (0.014)
M 0.379 (0.023)
E+M 0.330 (0.028)

Table 5: Average accuracy and barrier height B of the
routing variants of Qwen3-1.7B on Math (MGSM). Av-
erages are computed over 8 languages. Rows denote the
naive English adapter (naive) and three routing variants,
namely Early only (E), Middle only (M), and Early and
Middle (E+M). Bold denotes the highest accuracy and
lowest barrier height.

B.3 Per-pair breakdown of routing variants

Table 3 reports the barrier and accuracy of every
model-language pair, complementing the average
results (Table 2) given in the main text. In most
cases, every routing variant reduces the barrier com-
pared to the English adapter. We note that composi-
tion routing (Middle only) lowers the barrier height
to about half that of the naive English adapter on
Qwen3-8B bn and Qwen3-8B th. Composition
routing also yields a large accuracy improvement,
from 0.488 to 0.572 on Qwen3-8B bn, and there is
no destructive degradation on other pairs.

C Analysis on Qwen3-1.7B

To demonstrate that our findings generalize to
smaller models and to more languages, we con-
duct additional analysis using Qwen3-1.7B. For
NLI and QA, we use the same languages as in the
main text. For Math, we use the 8 languages that
satisfy the language-selection criteria for MGSM
as reported in Table 4, covering Bengali (bn), Ger-
man (de), Spanish (es), French (fr), Japanese (ja),
Russian (ru), Swahili (sw), and Thai (th). To fur-
ther verify that our findings hold on another Math
dataset, we additionally use MSVAMP (Chen et al.,
2024), for which we use the 2 languages (bn and
sw) following the criterion. All other settings re-
main the same as in the main text.

Cross-lingual linear mode connectivity. We ob-
serve the same asymmetry in cross-lingual gener-
alization across tasks. In Figure 9 and Figure 10,
the English adapter and the target-language adapter
are linearly connected across all languages on NLI
and QA. In contrast, Figure 11 and Figure 12 show
the opposite behavior, suggesting that this failure
of linear connectivity in Math is not confined to a
single dataset. These results indicate that the task-
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dependent nature of cross-lingual generalization  mantic composition is a key factor in cross-lingual
persists even as model size decreases. generalization.

Layer-group localization for cross-lingual gener-
alization. We next investigate whether the deficit
of cross-lingual generalization on Math is layer-
localized in smaller and more diverse languages.
Figure 13 shows that, as in Figure 3, adapting only
a subset of layers is sufficient to recover LMC in
Qwen3-1.7B as well. Moreover, we observe that
adapting early or middle layers is more effective
than adapting the final layers. These results confirm
that the conclusion in Section 5, that cross-lingual
generalization can be recovered by adapting early
and middle layers in this setting.

Factorization without target-language labels.
We further examine whether cross-lingual gener-
alization factorizes in parameter space even for
smaller models and a wide range of languages. Fig-
ure 14 and Table 5 show that language routing
(Early only) and composition routing (Middle only)
both lower the barrier. Composition routing, in par-
ticular, raises accuracy above the naive English
adapter. This mirrors the results in Table 2 and
strengthen the conclusion from Section 6 that se-
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Figure 13: Linear interpolation path between ability-adapted English adapter (o« = 0) and target-language adapter
(a = 1) of Qwen3-1.7B on Math. The top (rows 1-2), middle (rows 3-4), and bottom (rows 5-6) row pairs report
early (51), middle (S), and final (S3) layer adaptation, respectively, covering all eight target languages. Each
subplot shows accuracy evaluated on MGSM in that language.
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Figure 14: Linear interpolation path between routed-adaptation English adapter éen(a = 0) and target-language
adapter O (c = 1) on Math. The top (rows 1-2), middle (rows 3-4), and bottom (rows 5-6) row pairs report
language (Early only), composition (Middle only), and joint (Early and Middle) routing, respectively, covering all
eight target languages. Each subplot shows accuracy evaluated on MGSM in that language.
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