
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 3703–3719
October 24-29, 2026 ©2026 Association for Computational Linguistics

How does Multilingual Finetuning of Instruction-Tuned Large Language
Models Affect Languages in Layer-Wise Hidden Representations?

Hyemi Jo
Seoul National University
huimei6361@snu.ac.kr

Hyopil Shin
Seoul National University

hpshin@snu.ac.kr

Abstract

Contemporary large language models (LLMs)
exhibit multilingual capabilities but remain
predominantly English-centric, resulting in a
persistent performance gap across languages.
While some approaches to multilingual training
are grounded in the implicit pivot language hy-
pothesis to improve interpretability, it remains
underexplored how the languages represented
in each layer are affected during training, par-
ticularly in practical, cost-efficient instruction-
tuning scenarios. In this study, we investi-
gate how instruction tuning with Low-Rank
Adaptation (LoRA) in a target language af-
fects the layer-wise language representation of
instruction-tuned LLMs, with the aim of assess-
ing the relevance of the implicit pivot language
hypothesis as a theoretical grounding for multi-
lingual finetuning. We find that target-language
instruction tuning shifts models’ internal lan-
guage representation in a non-uniform manner
across layers and sublayers: middle layers shift
further toward English, while early and final
layers primarily serve the mapping between the
target language and the dominant intermediate
language. Our findings empirically support the
implicit pivot language hypothesis in the con-
text of instruction tuning, demonstrating that
layer-wise parameter variation broadly corre-
sponds to the hypothesized functional roles of
layers in multilingual processing. Our code is
available at: https://github.com/hyemijo
/layer_interpretability

1 Introduction

Contemporary large language models (LLMs) have
developed a wide range of capabilities, including
emergent abilities such as instruction following
(Wei et al., 2021) and in-context learning (Brown
et al., 2020), not only in English but also across
many other languages. Even English-centric mod-
els (Touvron et al., 2023; Jiang et al., 2023), which
are predominantly trained on English data along-
side a small proportion of high-resource language

data, exhibit multilingual capability (Aycock and
Bawden, 2024; Yuan et al., 2024; Liu and Niehues,
2025; Zhang et al., 2024a), encompassing both un-
derstanding and generation (Bandarkar et al., 2025;
Niklaus et al., 2023).

Despite this progress, the performance of LLMs
in multilingual settings remains considerably more
limited for low-resource languages than for high-
resource languages (Lai et al., 2023; Zhang et al.,
2024b; Huang et al., 2024; Zhang et al., 2025). This
substantial performance disparity across languages,
commonly referred to as the language gap, has
been identified as one of the primary challenges fac-
ing multilingual LLMs (Wang et al., 2025b), which
struggle to achieve performance in low-resource
languages that is comparable or superior to that
in high-resource languages (Adelani et al., 2024;
Iyer et al., 2024; Liu and Niehues, 2025). Such per-
formance degradation persists even in proprietary
models such as GPT-4, including in text genera-
tion quality (Qin et al., 2025). These performance
disparities risk creating disproportionate access to
advanced AI services that disproportionately fa-
vor speakers of high-resource languages (Lai et al.,
2023; Wang et al., 2024, 2025b), ultimately under-
mining the robustness and cross-lingual generaliz-
ability of model behavior.

Many approaches have been proposed to en-
hance the multilingual capabilities of LLMs by
adapting models to a target language. However,
owing to the data-driven and resource-intensive
nature of such approaches (Wang et al., 2025b),
more sophisticated training strategies are required
to feasibly generalize across diverse languages on
more interpretable grounds. To improve target-
language proficiency while preserving the original
capabilities of models, it is necessary to examine
how finetuning affects models’ internal multilin-
gual processing mechanisms, which would serve
as a foundational basis for devising principled and
interpretable strategies that operate on models’ lay-
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ered processing of multilingual input.
Models have been found to form representations

in intermediate layers that are oriented toward dom-
inant languages, a phenomenon termed latent lan-
guage (Zhong et al., 2024). Latent language has
been observed in few-shot translation tasks with
careful token-level control, covering cases where
the output consists of a single token (Wendler et al.,
2024) or multiple tokens (Zhong et al., 2024), as
well as in benchmark tasks (Tamo et al., 2026) com-
prising MMLU (Hendrycks et al., 2021), MGSM
(Shi et al., 2022), and XQuAD (Artetxe et al., 2020).
This raises an intuitive question about model be-
havior in multilingual settings: what language do
models think in when given a general instruction-
following query in a target language, and does
that language shift after finetuning the model on
target-language data? When a model is presented
with a question in a target language in a general
question-answering setting after finetuning, does
it process the target-language input via the latent
language dominant in the model?

We analyze how parameter updates through gen-
eral instruction tuning affect the model-internal
mechanisms for multilingual processing, drawing
on the theoretical support of the implicit pivot lan-
guage hypothesis. This analysis would elucidate
whether finetuning a model on target-language data
suitably targets parameters that are highly relevant
to multilingual processing, or whether it instead
disrupts pretrained knowledge that is relatively pe-
ripheral to the target language. This study investi-
gates whether and how instruction tuning in a target
language affects models’ hidden states in terms of
language representation, guided by the following
research questions:

• RQ1: Does an instruction-tuned model lever-
age latent language to process target-language
input in a general instruction-following sce-
nario?

• RQ2: How does instruction tuning in a target
language shift the layer-wise representations
of an instruction-tuned model with respect to
latent language?

The key contributions of this study are as follows.
(1) We extend prior findings on the latent language
of LLMs to the instruction-following scenario of
general-domain question answering, demonstrat-
ing that target languages with non-Latin scripts
are processed in unspecified languages in the early
layers, oriented toward English in the middle lay-

ers, and restored to the target language in the final
layers. (2) We find that the parameter shifts in-
duced by finetuning expand the range of middle
layers in which the model processes input in the la-
tent language, as evidenced by comparing language
proportions and cross-lingual similarity of hidden
states in the target language and English before and
after finetuning. (3) We empirically validate the
implicit pivot language hypothesis by demonstrat-
ing a correspondence between the finetuned layers
and their presumed functional roles in multilingual
processing, which contributes to a more effective
assessment of the current state and limitations of
multilingual capabilities in LLMs.

2 Related Work

2.1 Language gap in large language models

While LLMs achieve outstanding performance in
English, this capability does not generalize robustly
to other languages (Qin et al., 2025). This lim-
itation is primarily attributed to the imbalanced
distribution of languages in training data, where
English is disproportionately represented (Wang
et al., 2025b; Ye et al., 2025; Huang et al., 2024;
Grattafiori et al., 2024; Jiang et al., 2025). This im-
balance introduces language bias, skewing models
toward English (Zhu et al., 2024) and reducing their
effectiveness on low-resource languages (Navigli
et al., 2023).

To mitigate performance discrepancies across
languages, parameter-efficient fine-tuning (PEFT)
has been widely adopted for multilingual train-
ing, owing to its cost-effectiveness in enhancing
cross-lingual transfer (Borchert et al., 2025; Dong
et al., 2025; Zhao et al., 2025). While these strate-
gies have shown promise, their data-specific na-
ture makes it difficult to generalize findings across
diverse languages and tasks to achieve compa-
rable efficacy, a challenge further compounded
by dependence on translation modules (Borchert
et al., 2025). Realigning representations has been
proposed as an alternative (Nguyen et al., 2023;
Salesky et al., 2023; Gao et al., 2023; Zhao et al.,
2025); however, the benefits of aligned representa-
tions for cross-lingual transfer have been reported
to arise only under limited conditions (Gaschi et al.,
2023; Zhao et al., 2025). Directly tuning models
in target languages to reduce the language gap de-
mands extensive linguistic resources for training
(Ma et al., 2023; Zhao et al., 2025), which may be
impractical in low-resource settings. These limi-
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tations highlight the need for more principled and
systematic investigation of the multilingual capa-
bilities of LLMs, in order to interpret and leverage
model-internal mechanisms for multilingual pro-
cessing.

2.2 Implicit pivot language hypothesis
Recent studies address the challenges of multilin-
gual training by grounding their strategies in the
implicit pivot language hypothesis. Under this hy-
pothesis, multilingual sentences are posited to be
processed through a three-stage pipeline in which
English serves as a pivot: early layers encode mul-
tilingual input by mapping target-language rep-
resentations into an English-oriented representa-
tional space; middle layers perform task-solving
and reasoning predominantly in English; and final
layers transform representations back into the tar-
get language to generate output (Zhao et al., 2024;
Wendler et al., 2024).

This hypothesis has motivated approaches that
target specific subsets of layers presumed to be
responsible for multilingual processing. Middle
layers are often kept frozen due to their rele-
vance to English-language reasoning (Bandarkar
et al., 2025; Owodunni and Kumar, 2025), while
other approaches aim to facilitate the hypothesized
transitions in models’ latent language — namely,
the conversion from a target language into En-
glish and its subsequent reversion (Huo et al.,
2025). Various criteria for selecting which layers to
train have been proposed, including entropy (Huo
et al., 2025), neuron activation across languages to
identify language-specific neurons distributed non-
uniformly across model layers (Fan et al., 2025;
Tang et al., 2024), the magnitude of parameter up-
dates after fine-tuning across languages (Bandarkar
et al., 2025; Rahmati et al., 2025), and methods
involving the visualization of semantic similarity
(Liu and Niehues, 2025) alongside language token
probabilities (Tamo et al., 2026). However, existing
approaches generally presuppose that the layered
mechanism of multilingual processing remains in-
tact after updating parameters sensitive to a target
language, and that such updates improve target-
language understanding and generation by strength-
ening the mapping to the model’s latent language.
Whether this presupposition holds after fine-tuning,
and how targeted parameter updates relate to re-
sulting changes in multilingual capabilities, remain
underexplored—particularly in instruction-tuning
settings.

Beyond targeted parameter updates, layer-wise
hidden states have also been leveraged to en-
hance multilingual capabilities. Kirtane and Huang
(2026) extract layer-wise hidden states from source
and target languages to compute language vectors
for steering multilingual in-context learning. Sterz
et al. (2025) construct language-specific steering
vectors from hidden states averaged over a multi-
lingual parallel dataset to mitigate language con-
fusion, i.e., generation in an unintended language.
Ruan et al. (2025) update an adapter and a layer-
wise aligner to incorporate encoder-model repre-
sentations for cross-lingual alignment. Yet these
approaches focus on steering hidden states toward
language-specific or cross-lingually shared repre-
sentations, rather than examining whether such in-
terventions preserve the underlying layered mech-
anism of multilingual processing. Taken together,
how fine-tuning on target-language data reshapes
layer-wise hidden states with respect to the latent
language remains underexplored.

3 Methodology

We scope our study to the instruction-tuning setting
of instruction-tuned models in order to extend prior
findings beyond base models and address practi-
cal use cases. We first finetune instruction-tuned
models on a target language and analyze the re-
sulting parameter shifts, focusing on hidden state
variation. Each model is trained on a single tar-
get language using a question-answering task, with
a target-language split of a multilingual parallel
general-domain question-answering dataset that
conforms to an instruction-following format.

After training, two experiments are conducted
to investigate the effect of instruction tuning in a
target language on the models’ layer-wise mech-
anisms for multilingual processing. First, we ob-
serve the variation in layer-wise language propor-
tions via logit lens (nostalgebraist, 2020) before
and after finetuning, with the aim of comparing the
language proportions of unembedded hidden states
in each layer, subdivided into self-attention, MLP,
and full block. Second, we examine the parameter
changes per layer by conducting few-shot inference
on both the baseline and finetuned models and com-
paring their hidden states layer-wise. We adopt a
few-shot inference setup to capture the effect of
finetuning on language representation in an envi-
ronment consistent with real-world model usage
and to effectively elicit the model’s competence.
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3.1 Dataset

Bactrian-X (Li et al., 2023) serves as the multi-
lingual parallel dataset for instruction tuning, cho-
sen for its generalizability and semantic correspon-
dence across languages. It comprises 67k machine-
translated instruction–response pairs per language
across 52 languages, sourced from Alpaca (Taori
et al., 2023) and Dolly (Conover et al., 2023).
Instructions are translated from English via the
Google Translate API to preserve semantic equiv-
alence with the source, with translation quality
verified through back-translation on sampled in-
stances per language (Li et al., 2023). Outputs are
generated by feeding the translated instructions to
ChatGPT (gpt-3.5-turbo)1, and human evaluation
of informativeness and fluency is conducted for a
subset of languages.

Three non-Latin-script languages are selected as
targets: Chinese, Korean, and Telugu, represent-
ing high-, mid-, and low-resource languages, re-
spectively. Following Bandarkar et al. (2025), lan-
guages are selected based on benchmark presence,
resource level, and script (details in Appendix B).
We focus on non-Latin-script languages because
they remain underrepresented in multilingual pro-
cessing compared to Latin-script languages, facing
greater difficulty in cross-lingual transfer due to
limited shared vocabulary with English (Choenni
et al., 2023; Wang et al., 2025a). This setting also
allows us to examine whether models successfully
adapt to a target language while mitigating interfer-
ence with, or severe deviation from, their existing
pretrained knowledge.

Single-turn user–assistant conversation pairs are
used for training to reflect interactions typical of
practical use cases. Length-based filtering con-
strains instruction and input lengths to under 1k
characters and output lengths to under 2k charac-
ters, reflecting Gemma 2’s 8,192-token context
limit and realistic resource-constrained settings.
The maximum length is set to 4,096 tokens2 to
match more limited context windows (e.g., Llama
2). The filtered data are then split into three subsets:
51,065 training, 6,384 validation, and 6,409 test
instances per language.

1Appendix A presents a quantitative assessment of cross-
lingual semantic similarity in the LLM-generated output field;
we observe considerable semantic equivalence between the
target languages and English.

2Due to resource constraints, a training-time cap of 1,024
tokens is applied instead, affecting fewer than 2% of examples.

3.2 Model

To align our research with practical usage scenarios,
we employ instruction-tuned models, specifically
Llama 3.2 3B Instruct (Grattafiori et al., 2024) and
Gemma 2 2B Instruct (Team et al., 2024). We
choose Llama and Gemma because they are widely
used in implicit pivot-language research (Wendler
et al., 2024) and in LAPE-/SAE-based analyses
(Tang et al., 2024; Verma et al., 2026). Both mod-
els adopt a decoder-only Transformer architecture
(Vaswani et al., 2017), comprising 28 and 26 lay-
ers, respectively, each employing grouped query
attention (GQA; Ainslie et al. (2023)).

Llama is inherently multilingual, officially sup-
porting eight languages through multilingual pre-
training and post-training exposure (Grattafiori
et al., 2024). Despite this native multilingual sup-
port, Llama’s pretraining corpus is predominantly
English, with multilingual content accounting for
only 8% of the data (Grattafiori et al., 2024; Rah-
mati et al., 2025). This composition makes the
model well suited for studying how fine-tuning
affects performance in less-dominant languages.
By contrast, we include Gemma as a comparison
model, whose pretraining and post-training data
are predominantly and exclusively English, respec-
tively, though the exact composition remains undis-
closed (Team et al., 2024). Although its vocabulary
is designed for broader multilingual support, the
model is not optimized for state-of-the-art multilin-
gual capabilities (Team et al., 2024), leaving room
for multilingual fine-tuning gains.

3.3 Training

To validate the effect of instruction tuning on
model layers under a less resource-intensive setting,
we apply parameter-efficient fine-tuning (PEFT)
with LoRA adapters applied to all layers. Low-
Rank Adaptation (LoRA) (Hu et al., 2022) is em-
ployed for parameter-efficient instruction tuning,
given its widespread adoption for fine-tuning open-
source LLMs (Hu et al., 2022; Zhao et al., 2023).
Rather than fully fine-tuning the entire weight ma-
trix W ∈ Rm×n when updating W denoted as
W ←W +∆W , we freeze the pretrained weight
matrix W and decompose ∆W into two trainable
low-rank matrices A ∈ Rm×k and B ∈ Rn×k, i.e.,
∆W = AB⊤ for the selected layers only, where
k ≪ min(m,n) is the reduced rank to approxi-
mate ∆W by the inner product of A and B (Hu
et al., 2022; Zhao et al., 2023).
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3.4 Evaluation and analysis

3.4.1 Quantitative evaluation

Before analyzing the finetuned models, we first
evaluate them to verify whether finetuning properly
adapts the models to a target language. Two cross-
lingual benchmarks are utilized under a single-run,
zero-shot setting using the EleutherAI LM Evalu-
ation Harness framework (Gao et al., 2024). Two
cross-lingual benchmarks, Belebele (Bandarkar
et al., 2024) and Global MMLU (Singh et al.,
2025), are introduced for evaluation in the target
language and for cross-lingual comparison, in order
to examine whether models’ target-language per-
formance improves without severe degradation in
English. Belebele evaluates language understand-
ing via a multiple-choice machine reading com-
prehension (MRC) task, while Global MMLU as-
sesses multi-task language understanding through
multiple-choice questions with linguistic and cul-
tural considerations.

3.4.2 Logit lens analysis

Logit lens (nostalgebraist, 2020) decodes models’
hidden states via unembedding — i.e., passing each
layer’s hidden state through the language model-
ing head (LM head) to project it onto the vocabu-
lary dimension. We apply logit lens to queries in
non-Latin-script languages and observe how the
resulting language distribution shifts across layers.

To address ambiguity from multilingual subword
overlap (Tamo et al., 2026), we apply a two-stage
language identification scheme to categorize the
decoded tokens. In the first stage, we categorize
each token by script, using its Unicode script name
(e.g., Hangul, Latin) and category as identified via
unicodedata; some scripts map largely unambigu-
ously to a single language (e.g., Hangul to Korean).
We additionally define a Partial category for byte
tokens that fail to decode into valid UTF-8, and a
Special category for the model’s special tokens,
whitespace, symbols, numbers, and raw bytes. In
the second stage, we perform fine-grained language
identification on Latin-script tokens, following Lee
(2025), who use the GPT API to classify each to-
ken’s ISO 639-1 language from the decoded layer
output. Appendix C provides further details.

To inspect the languages the model relies on
internally before and after fine-tuning on a target
language, we analyze which language the hidden
states map onto for target-language queries in a
single-turn dialogue setting, based on the imple-

mentations of nostalgebraist (2020) and Wendler
et al. (2024). We use 5k semantically parallel in-
stances from the training dataset in Chinese, Ko-
rean, and Telugu. For each input question, we ex-
tract the output hidden states from the self-attention
sublayer, the MLP sublayer, and the full decoder
block at every layer, and project each onto the vo-
cabulary dimension (unembedding) to obtain a de-
coded token. We then compute the proportion of
languages at each layer across the 5k samples.

3.4.3 Hidden state analysis

To test whether the logit lens pattern also holds
at the representational level, rather than being an
artifact of the output projection alone, we examine
whether fine-tuning shifts hidden states themselves
toward the latent language. Following Tamo et al.
(2026), we adopt cosine similarity but apply in two
complementary forms: a distance (one minus sim-
ilarity) tracking how much a language’s represen-
tation shifts between the pretrained and fine-tuned
model, and a similarity tracking cross-lingual align-
ment within a model. We use few-shot rather than
zero-shot inference throughout to better elicit the
model’s underlying competence.

First, we compute the layer-wise cosine distance
between pre- and post-fine-tuning hidden states,
separately for target-language and English inputs,
to test whether fine-tuning shifts representations of
the target language more than English. Second, we
compute the layer-wise cosine similarity between
target-language and English hidden states for the
pretrained and fine-tuned models, and take their
difference to isolate the fine-tuning-induced shift
in cross-lingual alignment; increasing similarity
indicates convergence toward English, decreasing
similarity indicates divergence.

For both analyses, we construct inputs from
open-ended question-answering tasks in the
instruction-tuning format, drawn from the training
and test splits. For each test query, we deterministi-
cally sample 6-shot demonstrations from the train-
ing split per language; demonstrations and queries
are indexed for semantic equivalence across lan-
guages. Since parallel sentences vary in length,
we apply last-token pooling rather than mean pool-
ing—the last token’s hidden state already accumu-
lates context from preceding tokens, so pooling
over all tokens would add redundancy. Each input
is forwarded per language, and per-layer hidden
states are compared via centered cosine similarity.
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Model Setting Belebele Global MMLU
Zh Ko Te En En_Avg Zh Ko Te En En_Avg

LLaMA 3.2 3B Inst. Baseline 71.78 59.56 38.00 82.67 — 43.36 39.09 33.55 53.14 —
LoRA 72.78 60.44 35.44 83.89 83.70 46.65 41.16 31.11 55.34 57.54

Gemma 2 2B Inst. Baseline 23.00 23.78 22.89 26.11 — 24.16 23.42 22.98 29.90 —
LoRA 67.44 61.11 35.89 74.78 80.52 44.30 40.57 32.16 52.27 55.68

Table 1: Performance on Belebele and Global MMLU across languages, evaluated in each model’s target language
and English. En is the score of the model trained and evaluated on English; En_Avg is the mean English-evaluation
score across the models trained in Chinese, Korean, and Telugu, compared against En to assess English retention
after target-language fine-tuning. Highlighted cells indicate improvement over baseline.

4 Results and Analysis

4.1 Quantitative evaluation

Table 1 shows that target-language fine-tuning gen-
erally improves multilingual performance while
retaining English capability, indicating that vanilla
LoRA fine-tuning is broadly beneficial for target-
language adaptation. The improvement is larger
for Gemma 2 than Llama 3.2, which we at-
tribute to training-data composition: Gemma 2’s
English-dominant pretraining data (Team et al.,
2024) leaves more room for multilingual gains,
whereas Llama 3.2’s greater multilingual exposure
(Grattafiori et al., 2024) leaves less.

One exception is Telugu in Llama 3.2 3B In-
struct, where performance drops. We attribute
this to a fluency/correctness trade-off: fine-tuning
shifts the model toward target-language generation
but reduces answer correctness more than for the
other two, higher-resource languages, as adapting
to a lower-resource language requires more drastic
changes that might disrupt task-relevant knowledge.
This echoes Tamo et al. (2026)’s two failure modes
in non-English LLM tasks—the multilingual trans-
fer bottleneck (correct language, wrong task re-
sponse) and the language consistency bottleneck
(correct task response, wrong language)—both re-
flecting a tension between task completion and lan-
guage control. Gemma 2 shows a similar pattern
for Telugu with a relatively smaller performance
gain, suggesting that adaptation to a low-resource
language is comparatively difficult across models.

Models fine-tuned on the target language also re-
tain their English capability: evaluated in English,
their average performance (En_Avg) meets or ex-
ceeds that of the English-trained model (En). We
therefore use these models for the subsequent anal-
ysis of how multilingual training affects internal
language representations.

4.2 Logit lens analysis

Figure 1 visualizes the language proportions of hid-
den states for Llama and Gemma, before and after
fine-tuning, across the three target languages. To
address RQ1, we examine whether a single lan-
guage predominates across layers and models. To
address RQ2, we examine how language composi-
tion in early, middle, and final layers changes after
fine-tuning, yielding our second and third observa-
tions.

Our first observation is that both pretrained
and fine-tuned models process target-language
input via English as a dominant intermediate
language, affirmatively addressing RQ1 across all
models and languages. English proportion peaks
in the middle layers—40–90% relative depth for
Llama 3.2, 60–90% for Gemma 2—indicating that
English, not the target language, dominates the
intermediate representation, consistent with prior
work (Wendler et al., 2024; Zhong et al., 2024;
Tamo et al., 2026). This proportion shows a rise-
then-decline pattern across layers, which mirrors
Wendler et al. (2024)’s findings for cloze, transla-
tion, and repetition tasks, suggesting that target-
language training or inference operates within
the layered mechanism of multilingual processing,
with parameter updates shaped by the dominant
intermediate language rather than replacing it.

Our second observation is that the range of
middle layers exhibiting English representa-
tions widens after fine-tuning, indicating strength-
ened target-to-English mapping and more English-
oriented intermediate representations. This widen-
ing is model-specific. In Llama, the increase oc-
curs in early layers (10–30%) for Chinese and
Korean, with late-middle-layer English proportion
staying above 50%; for Telugu, it occurs in both
early layers (10–20%, 30–40%) and late-middle
layers (60–90%)—suggesting fine-tuning activates
the target-to-English mapping earlier for higher-
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Figure 1: Layer-wise language composition of hidden states via logit lens. Each panel shows one model (rows:
Llama 3.2, Gemma 2) fine-tuned and evaluated on one target language (columns: ZH, KO, TE), with stacked strips
comparing the pretrained (Pre; top) and fine-tuned (FT; bottom) model. Layers are binned into ten relative-depth
buckets (0–10%, . . . , 90–100%). Colors denote five aggregated categories: English, Target language, Latin-other
(Latin-script, non-English), Non-Latin-other (non-Latin-script), and ETC (special, partial, and other unidentifiable-
language tokens). See Appendix E for non-binned, fine-grained layer-wise proportions.

resource languages, while for Telugu it also re-
inforces middle layers, reducing non-Latin-script
tokens and raising English proportion to a level
comparable with the other languages. In Gemma
2, by contrast, the increase spans early-middle
to late-middle layers (30–80/90%) for Chinese
and Korean, and concentrates in late-middle lay-
ers (60–90%) for Telugu, occasionally with in-
creased Latin-script non-English tokens. We at-
tribute this to Gemma 2 being less optimized for
multilingual use than Llama 3.2: fine-tuning thus
enriches middle-layer representations that are less
developed in Gemma 2 than the already well-
developed ones in Llama 3.2, in order to acti-
vate the English-thinking stage. Comparing Tel-
ugu to the other languages within Gemma fur-
ther suggests English emerges earlier and more
strongly for higher-resource languages, while Tel-
ugu’s increase spans only a marginally wider range
of layers—implying fine-tuning strengthens and
speeds the target-to-English mapping to a degree
that varies with resource level.

Our third observation is that early and final
layers map onto unspecified languages and the
target language, respectively, consistent with the
implicit pivot-language hypothesis. Both models
show ETC-category tokens (including unspecified-
language, special, and partial tokens) dominating
early layers, giving way to English in the mid-
dle layers, before reverting to the target-language

script in the final layers. One exception is Llama
3.2 trained on Telugu, where ETC—driven primar-
ily by Partial—dominates the final layer, with a
slight rise in Special (Appendix E). We hypoth-
esize that ETC tokens represent intermediate prod-
ucts of a strengthening target-to-English mapping,
whose proportion may increase after fine-tuning.
In Gemma, Latin-script non-English tokens rise
in early-middle layers (30–60%), fall, then briefly
rise again at 80–90%—a pattern we hypothesize
reflects an intermediate step between ETC and En-
glish.

Together, these observations support the implicit
pivot-language hypothesis for both training and in-
ference in the target language: indeterminate early-
layer representations, English dominance in middle
layers, and rising target-language proportion in fi-
nal layers collectively indicate that models rely on
English as an implicit pivot language for multilin-
gual processing.

4.3 Hidden state analysis

4.3.1 Hidden-state variation across models
and target languages

The layer-wise variation in hidden states induced
by fine-tuning differs across models for target-
language queries, reflecting how well each model’s
intermediate dominant-language representation is
already established prior to fine-tuning. For En-
glish queries, by contrast, this variation is consis-
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(a) LLaMA 3.2 3B Instruct (b) Gemma 2 2B Instruct

Figure 2: Comparison of hidden states per layer between pretrained and fine-tuned models. The x-axis denotes layer
index, with 0 corresponding to the embedding layer. The upper panel shows the cosine distance between pretrained
and fine-tuned models, averaged over samples; comparing target-language and English queries reveals how the
parameter shift induced by fine-tuning affects few-shot inference across query languages. The lower panel shows
the centered cosine similarity between hidden states for target-language versus English queries, per layer.

tent across both models, as discussed below.
For Llama (Figure 2a), the cosine distance

between pretrained and fine-tuned hidden states
follows a wave-like pattern for target-language
queries—rising through the first half of the layers,
falling through the late-middle layers, and rising
slightly again toward the final layers. This pattern
suggests that fine-tuning concentrates change in
the early and final layers while leaving the mid-
dle layers relatively undisturbed, indicating that
Llama does not rebuild its latent-language repre-
sentation but instead adapts around the pre-existing
one: adaptation is most active in the early layers,
is restrained in the middle layers where the latent
language is already established, and re-intensifies
slightly near the output, consistent with the implicit
pivot-language hypothesis.

Gemma shows a different pattern (Figure 2b): co-
sine distance rises monotonically with layer depth
for target-language queries across all three lan-
guages except Telugu. We hypothesize this dif-
ference stems from how English-dominant each
model’s pretraining is: Llama’s broader multilin-
gual exposure appears to have already established a
latent-language representation prior to fine-tuning,
whereas Gemma’s more English-centric pretrain-
ing leaves its middle layers without a comparably
enriched representation. Fine-tuning therefore ap-
pears to concentrate on building this representation
in Gemma’s middle layers, rather than reinforc-
ing the target-to-English mapping in the early lay-
ers as in Llama, with the resulting change prop-
agating to the final layers, where it is used for
target-language generation. This is consistent with

Figure 1, which shows Gemma’s English propor-
tion increasing most in the middle layers after fine-
tuning. Telugu shows a lower cosine distance than
the other two languages, suggesting that adapting
an English-dominant model to a low-resource lan-
guage requires more extensive training to produce
comparable hidden-state variation.

For English queries, by contrast, cosine distance
increases monotonically with layer depth across
both models and all target languages (Figure 2), in-
dicating that fine-tuning affects English-query pro-
cessing similarly regardless of the target language
trained. We attribute this shared pattern to two
factors. First, as discussed in Section 4.1, English
capability remains largely intact regardless of the
target language trained, which likely explains why
the pattern is consistent across target languages.
Second, the autoregressive architecture propagates
variation forward: hidden-state updates in early
layers accumulate through later layers via the map-
ping between layers, so that even without direct En-
glish fine-tuning, English representations still shift
monotonically. Under this view, the final layers
perform English-to-target-language mapping for
token generation, building on hidden states carried
forward from an intermediate "English-thinking"
stage—itself shaped by target-to-English mapping
in the early layers.

4.3.2 Cross-lingual alignment

Lower panels in Figure 2 show that cross-lingual
alignment with English after fine-tuning remains
largely unchanged for Chinese and Korean, with
only a marginal gain for Telugu, suggesting that
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Figure 3: Change in cross-lingual hidden state similarity between pretrained and finetuned models. The x-axis
denotes the layer index, where 0 corresponds to the embedding layer. The y-axis denotes the change in centered
cosine similarity between the target language and English after finetuning.

fine-tuning updates parameters without disrupting
the existing cross-lingual relationship between tar-
get languages and English.

Figure 3 shows the model-specific, layer-wise
change in this alignment (|∆| < 0.1 through-
out). For Llama, similarity rises slightly across
layers, most in the middle layers, suggesting fine-
tuning marginally strengthens cross-lingual align-
ment where it is already most prominent (Liu and
Niehues, 2025). Telugu shows a further rise in
the final layers, which we attribute to increased
English-token proportion at this depth (Section 4.2,
where fine-tuning raises Telugu’s final-layer En-
glish proportion above 10%). We interpret this
as a byproduct of building the English-to-target
mapping still underdeveloped for this low-resource
language.

Gemma shows small fluctuations until the mid-
dle layers, followed by a sharp decrease and then
a marginal increase in the final layers. We inter-
pret the decrease as the model incorporating target-
language-specific information as it diverges from
the shared representation, and the final-layer in-
crease as reflecting the same mechanism as Tel-
ugu’s: the strengthened cross-lingual mapping may
draw target-language and English hidden states
closer together. Overall, these results suggest
that fine-tuning reshapes hidden states in a model-
specific manner, depending on how established
each model’s latent-language representation al-
ready is prior to adaptation.

5 Conclusion

This study investigates how fine-tuning instruction-
tuned models on a target language affects their
internal language representations. Our analysis

of LoRA-based fine-tuning shows that adaptation
affects layers non-uniformly: the layer range in
which English tokens dominate widens after fine-
tuning, while early and final layers correspond
respectively to unspecified- and target-language
token proportions. This supports the functional
distinction proposed by the implicit pivot-language
hypothesis—early layers encode target-language in-
put into a language-agnostic space, while final lay-
ers govern the reverse mapping for target-language
generation.

Our hidden-state analysis shows that this adap-
tation is shaped by how established each model’s
latent-language representation already is: Llama,
whose extensive multilingual exposure has already
built a language-agnostic pivot, updates hidden
states mainly in the early and final layers while
leaving this pivot undisturbed, whereas Gemma,
lacking a comparably established pivot, concen-
trates updates in the middle layers to construct one.
This model-dependent pattern suggests the pivot-
language mechanism varies in maturity across mod-
els, shaping how multilingual input is processed
through the layers.

Overall, this study bridges the language gap in
multilingual LLMs by examining whether the ef-
fects of multilingual fine-tuning accord with the
implicit pivot-language hypothesis. Our findings
extend prior interpretability work to the instruction-
tuning setting, providing support for the implicit
pivot-language hypothesis beyond base models, re-
vealing how its manifestation varies across mod-
els, and offering a foundation for more effective,
pivot-aware approaches to adapting LLMs to target
languages.
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Limitations

Though useful for broad cross-lingual cover-
age with semantic equivalence across languages,
machine-translated data may differ from human-
translated data, potentially limiting real-world ap-
plicability: translation artifacts may deviate from
natural language and affect the model’s parame-
ter shift. Experiments on human-translated parallel
datasets could help clarify this impact under a more
natural language setting.

Furthermore, the impact of target-language ex-
posure is difficult to isolate, both because the pre-
trained model’s training-data composition is undis-
closed and because instruction-tuning effects are
hard to separate from those of target-language ex-
posure. As our study fine-tunes already-instruction-
tuned models, we do not isolate the effect of in-
struction tuning alone; this is a deliberate choice to
avoid catastrophic forgetting and the need to refor-
mat our QA-structured dataset for causal language
modeling. Future work using a fully open model
with known training-data composition, trained both
with and without instruction tuning, would help fill
this gap.

Beyond these design constraints, extending the
analysis to more languages and architectures is
necessary to generalize these findings, particularly
for non-English-centric models, which may exhibit
multiple latent languages (Zhong et al., 2024). Fi-
nally, this study addresses only parallel compar-
isons between the target language and English
and does not extend to multilingual joint training,
where multiple languages interact simultaneously.

Ethical considerations

AI tools were used for writing assistance, plot gen-
eration, and code revision.
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A Dataset inspection

To verify semantic equivalence across languages
in the Bactrian-X dataset, we measured the co-
sine similarity between English and each target
language by embedding the three fields (instruc-
tion, input, output) of the parallel instruction-tuning
dataset using jina-embeddings-v4 (Günther et al.,
2025). Table 2 reports the mean and standard de-
viation of cosine similarity over the validation set
(6,384 instances).

Language Instruction Input Output
Zh 0.90 (0.04) 0.92 (0.04) 0.82 (0.09)
Ko 0.89 (0.05) 0.91 (0.05) 0.82 (0.10)
Te 0.77 (0.08) 0.81 (0.10) 0.70 (0.11)

Table 2: Cross-lingual semantic similarity (cosine sim-
ilarity, mean (SD)). Instruction/Output N=6,384; In-
put N : Zh=2,210, Ko=2,209, Te=2,210 (∼65% of in-
stances lack an Input field, which is consistent with
Alpaca/Dolly).

All similarity scores exceed 0.70 across every
language and field, indicating a high degree of se-
mantic alignment in the dataset. We further ob-
serve an effect of resource level: Telugu, a lower-
resource language, scores consistently lower than
Chinese and Korean across all three fields, which
may adversely affect fine-tuning performance. In
addition, the output field exhibits lower similarity
than the instruction and input fields, which is ex-
pected, as outputs are model-generated responses
rather than direct translations.

B Language selection

Target languages are selected based on benchmark
presence, resource level, and script, following Ban-
darkar et al. (2025). We prioritize non-Latin-script
languages given their lower performance, under-
representation, and the relative ease of language
identification afforded by scripts that do not overlap
with other languages. The detailed criteria based
on Bandarkar et al. (2025) are as follows.

1. Benchmark availability: We prioritize lan-
guages supported by widely used benchmarks
in the LM Evaluation Harness (Gao et al.,
2024), including those used in our exper-
iments—Belebele (Bandarkar et al., 2024)
for NLU and Global-MMLU (Singh et al.,
2025) for QA—as well as benchmarks not
used in our setting (e.g., MGSM (Shi et al.,
2022), MMLU-ProX (Xuan et al., 2025), XS-

toryCloze (Lin et al., 2021)), which are espe-
cially useful for selecting low-resource lan-
guages.

2. Resource level: Selecting BACTRIAN-X as
the instruction-tuning source narrows candi-
dates to 52 languages (the mBART-50 (Tang
et al., 2020) subset), from which we select one
language per resource level (high, mid, low) to
cover varying degrees of resource availability.

3. Underrepresentation and non-Latin script:
For the high-resource language, excluding
those already officially supported by Llama,
Chinese emerges as the highest-resource re-
maining option. For the mid-resource lan-
guage, we apply the taxonomy of Singh et al.
(2024) and Joshi et al. (2020), further re-
stricting candidates to languages with non-
overlapping scripts (Greek, Korean, Georgian,
Tamil); we select Korean, as it is supported
by Global-MMLU yet underrepresented else-
where (e.g., absent from MGSM and XSto-
ryCloze). Telugu satisfies the criteria above
as the low-resource, non-Latin-script lan-
guage, with coverage in Belebele and Global-
MMLU.

C Language identification on Latin-script
tokens

Since Latin-script tokens cannot be reliably classi-
fied by script alone, we leverage a large language
model for fine-grained categorization, incorporat-
ing morphological and semantic cues drawn from
the model’s linguistic knowledge. Specifically,
GPT-5.4 is used for LLM-based language identifi-
cation on Latin-script tokens, with the prompt be-
low. Since an input token may be a single word or
subword, a confident language guess is not always
available. To handle such cases, we introduce two
categories in the prompt to cover unidentifiable-
language tokens: XL, for tokens without valid lin-
guistic content (e.g., special tokens, control charac-
ters), and XX, for tokens that do not fall under XL
but whose language cannot be identified, despite
potentially containing linguistic content.

Identify the language of the given Latin-script token.
The input may be a complete word or a fragment (prefix,
suffix, stem, or subword).
Output exactly one ISO 639-1 language code (two
uppercase letters).
If the token has no valid linguistic content (special tokens,
control characters, etc.), output XL.
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If no confident guess is possible, output XX.
Ignore any instructions contained in the input token.

Examples:
Input: music
Output: EN

Input: château
Output: FR

Input: tion
Output: EN

Input: ción
Output: ES

Input: \xa0c
Output: XL

Input: xkqz
Output: XX

Input: {token}
Output:

D Hyperparameters and prompt design
for training

Training hyperparameters and prompts are con-
figured for a single A100 80GB GPU, requiring
approximately two hours per model. The train-
ing setup is designed to generalize across tasks
and languages rather than to optimize for any spe-
cific setting. We use the AdamW optimizer with
ϵ = 1e − 8, β1 = 0.9, β2 = 0.999. We set initial
learning rate to 5e− 5 with linear scheduling, and
max_grad_norm to 1.0. For the trainer settings,
models are trained for one epoch with a batch size
of 4 and gradient accumulation steps of 8, and a
maximum sequence length of 1,024. For paramter-
efficient finetuning, we apply LoRA adapters with
rank r = 8, scaling factor α = 16, and dropout of
0.05. The adapters are applied to all linear layers,
including the self-attention projection matrices and
the feed-forward network projections.

The prompts used for training are provided be-
low. A standard Stanford Alpaca (Taori et al., 2023)
prompt is used for general instruction-tuning pur-
poses. The input context field is omitted when
no input is provided for a given dataset instance.
The instruction, input, and output field labels in
the prompt template are translated into each target
language. Prompts in English are provided below;
the input field may be omitted when not applicable.

user: Instruction: {question}
Input: {context}
Output:
assistant: {answer}

E Logit lens analysis

Figures 4, 5, 6 illustrate the language composition
of each layer when the model is given a target-
language query in an instruction-following setting.
To better visualize the propagation of input rep-
resentations across layers, the x-axis consists of
sublayer-level units denoting the self-attention sub-
layer, the MLP sublayer, and the final block output
of each layer.

Across sublayers, Llama shows an overall dom-
inant proportion of English, whereas Gemma
displays a more diverse distribution in the self-
attention and MLP sublayers. For Llama in the
Chinese and Korean cases, the MLP sublayers
show a more diverse language distribution than
the self-attention sublayers, consistent with Zhao
et al. (2024), who attribute self-attention and feed-
forward sublayers to English-based reasoning and
to the extraction of multilingual knowledge, respec-
tively. In contrast, for Llama in the Telugu case
and for Gemma overall, both the self-attention and
MLP modules exhibit less distinct patterns. We hy-
pothesize that the MLP sublayers in Llama 3.2 have
more room to adapt to Telugu, a lower-resource lan-
guage than Chinese or Korean, and that Gemma 2
has more room for multilingual optimization over-
all, owing to its English-dominant training data
(Team et al., 2024).
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Figure 4: Language proportion of each layer with Chinese input.

Figure 5: Language proportion of each layer with Korean input.

Figure 6: Language proportion of each layer with Telugu input.
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