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Abstract

Multilingual large language models (LLMs)
can answer questions in many languages, but
how they internally reason across languages
remains poorly understood. In this work,
we study multilingual reasoning through a
decision-making perspective to investigate how
multilingual reasoning unfolds in multilingual
LLMs using aligned multiple-choice questions
from the mMMLU benchmark. By formulating
a controlled setup, presenting the same question
in different languages, and tracking the model’s
decision from the first token to the final answer
choice, we can directly compare how reasoning
trajectories evolve across languages. We first
demonstrate that, at the representation level, dif-
ferent languages share highly similar activation
spaces; however, subtle divergences emerge as
decisions propagate through the transformer
layers. We then model answer selection as a
stepwise trajectory, revealing where language-
specific signals arise. These patterns are fur-
ther confirmed by quantifying deviations along
these trajectories, highlighting layers where
multilingual processing deviates or converges.
Our work provides a controlled, layer-resolved
view of multilingual reasoning, shedding light
on how LLMs balance shared conceptual un-
derstanding with language-specific decision-
making.

1 Introduction

Recent advances in large language models (LLMs)
have made them highly multilingual, with strong
performance across dozens of languages on tasks
ranging from factual question answering to com-
plex instruction following (Touvron et al., 2023;
OpenAl et al., 2024; Gemini et al., 2024; Grattafiori
et al., 2024). Despite these advances, the perfor-
mance still varies across languages, and a funda-
mental question remains largely unexplored (Resck
et al., 2025): how do these models internally rea-
son when presented with semantically equivalent

“Equal Contributions

°
@
&

°
Y
8

co
2
g g
%

o <
=
&

Accuracy
=
8

English
@~ French
German
Hindi
Japanese
¥ Korean

°
w
&

°
w
&

N,
y

0.20

0 5 10 15 20 25 30

French

German

Hindi

Japanese

Korean

0.1
0123456 78 91011121314151617 1819 20 21 22 23 24 25 26 27 28 29 30 31

Layers

Figure 1: The figure shows the performance (Accuracy)
of the Llama-3 model on the MMLU dataset in multi-
ple languages. We observe that the model performance
remains near-random (25%, 4-options) for initial layers
and starts to rise from layer 16 and saturates at layer 17,
with minor changes in the 17-32 layers. However, the
change varies across different languages, highlighting
the model’s use of different spaces for the same knowl-
edge in different languages.

inputs in different languages? Understanding this
is not only imperative for interpretability but also
has implications for improving performance in low-
resource languages, diagnosing potential biases,
and guiding the design of more robust multilingual
systems. Prior work on understanding multilin-
gual reasoning (Wendler et al., 2024; Dumas et al.,
2025; Lindsey et al., 2025; Lu et al., 2025) has
shown that multilingual LLMs often encode inputs
into shared conceptual representations, and inter-
mediate reasoning can occur through English, even
when the input is in another language. However,
these studies largely focus on free-form genera-
tion or factual recall, leaving structured reasoning
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Decision Trajectories starting at the same token Input Sequence
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Figure 2: Multilingual transformers show low-dimensional decision trajectories across layers. We analyze how the
representation of a decision token evolves through transformer layers for semantically identical multiple-choice

questions translated into different languages. All inputs begin with the same embedding (blue box with the

@,

token), allowing direct comparison of internal computations. As the representation passes through stacked attention
and MLP blocks, it forms a trajectory in representation space towards the final prediction. The right panel visualizes
these trajectories across layers for multiple languages, illustrating both low-dimensional structure and divergence in
internal reasoning. We use these to understand language-specific paths that converge toward similar answer regions.

tasks such as multiple-choice question answering
(MCQA) largely unexplored. MCQA provides a
controlled and interpretable setting in which the
model must select a discrete answer from a fixed
set of options (Robinson et al., 2023; Wiegreffe
et al., 2025; Joshi et al., 2025a,b,c). This makes
it possible to isolate decision-making dynamics
from confounding factors such as token frequency,
fluency, or stylistic variation.

To investigate multilingual reasoning in this con-
trolled context, we leverage the Multilingual
MMLU (mMMLU) dataset' (a multilingual exten-
sion of the MMLU dataset Hendrycks et al. (2020)),
which contains aligned questions in 14 languages.
Each question preserves the same semantic content
while varying in surface/language form, enabling
a direct, language-to-language comparison of in-
ternal representations and decision-making trajec-
tories. This setup allows us to ask precise ques-
tions: 1) Do internal representations converge to-
ward shared conceptual spaces early in processing?
2) At what point do language-specific divergences
emerge in the decision process? And 3) How do
these divergences shape the final answer selection?
Importantly, our goal is not to compare static repre-
sentational similarity (Wendler et al., 2024; Zeng

!Available
openai/MMMLU

at https://huggingface.co/datasets/

et al., 2025; Wu et al., 2025b), but to analyze the
dynamics of how decisions are formed layer-by-
layer, focusing on when and how cross-lingual pre-
dictability breaks down. We adopt a stepwise view
of decision-making within the model. Rather than
observing only the final output, we track the evolu-
tion of token probabilities and hidden representa-
tions for the next token prediction, going from the
first transformer block to the final answer choice
in the last transformer block, reconstructing the
layer-wise trajectory of the decision-making pro-
cess. This allows us to identify the layers where
the model’s decision begins to stabilize/commit,
and to compare these trajectories across languages.
Preliminary observations from Fig. 1 show that
performance is near-random in early layers, rises
sharply around layer 16, and saturates by layer 17.
Notably, though the timing of the sudden jump is
the same, the magnitude of this rise varies across
languages, suggesting that while knowledge is en-
coded in a largely shared space, the process of
transforming knowledge into a discrete decision is
strongly language-specific.

Building on these observations, we adopt a mecha-
nistic, layer-resolved view to understand how rep-
resentations are changed in multilingual models.
By examining hidden representations, token proba-
bilities, and cross-lingual trajectory metrics, we are
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not only able to quantify language-specific diver-
gences in decision-making across transformer lay-
ers but also compare trajectories across languages,
revealing how shared representations give way to
language-specific decision paths in stacked trans-
former layers. These analyses provide several key
insights. First, starting from the same token em-
bedding at Layer O (as explained in Fig. 2, also
see prompt templates in App. F, where the last
token *“:” is the same for all the languages), the rep-
resentations proceed and suddenly shift towards
the actual performance at specific layers 16-17.
Second, as the decision proceeds from initial rep-
resentation to next token prediction, layers show
representational divergence, with language-specific
patterns modifying the model toward its final de-
cision. Third, even when inputs are semantically
identical, the decision-making trajectories are dis-
tinct, demonstrating that multilingual LLMs do not
simply translate knowledge but actively process it
in a language-dependent manner. Our contributions
are threefold

* We introduce a layer-resolved, stepwise
methodology for analyzing decision emer-
gence in multilingual LLMs using MCQA.

* We provide a rigorous empirical analysis on
the mMMLU benchmark, showing how deci-
sion trajectories diverge across languages and
identifying the layers where language-specific
signals emerge.

* We propose a stochastic view for understand-
ing/comparing representation trajectories to
quantify decisiveness and cross-lingual sim-
ilarity, formulating a principled method for
studying multilingual reasoning dynamics.

We hope this work provides a different perspective
on comparing multilingual decision trajectories,
revealing how LLMs balance shared conceptual
spaces with language-specific decision-making.
By establishing a setup to trace decisions layer
by layer, we pave the way for deeper stud-
ies of cross-lingual reasoning, performance
improvement in low-resource languages, and
interpretable multilingual LLM design. We
release the codebase for the experiments on
https://github.com/Exploration-Lab/
Representation-to-Choice.

2 Related Work

Multilingual LLMs have been the subject of exten-
sive study in recent years, with researchers investi-
gating both their cross-lingual capabilities (Huang
et al., 2023; Lai et al., 2024; Wu et al., 2025a) and
the internal mechanisms that support multilingual
reasoning (Wang et al., 2025; Maraia et al., 2026;
Zhang et al., 2025; Fierro et al., 2025; Sundar et al.,
2025; Bandarkar et al., 2026). Prior work has estab-
lished that many multilingual LLMs rely on shared
latent spaces to encode semantically equivalent in-
formation across languages (Schut et al., 2025; Etx-
aniz et al., 2024; Fierro et al., 2025; Wilie et al.,
2025; Lim et al., 2026). For instance, Wendler
et al. (2024) shows that LLaMA models inter-
nally traverse an English-aligned conceptual space
even when processing non-English inputs, suggest-
ing that intermediate reasoning may partially pro-
ceed through pretraining-dominated language (En-
glish). Similarly, Zeng et al. (2025) demonstrates
that LLMs map semantically identical sentences
from different languages into a “Lingua Franca”,
a shared semantic latent space whose alignment
strengthens with increased model size. These find-
ings are further supported by region-level analyses
(Zhang et al., 2024), which identify core linguis-
tic regions in LLMs responsible for maintaining
cross-lingual competence, as well as distinct mono-
lingual subregions whose perturbation significantly
affects language-specific performance.

Apart from shared representations, there is grow-
ing evidence that multilingual LLMs leverage
language-specific neurons and layerwise process-
ing dynamics to fine-tune decisions in each lan-
guage. Kojima et al. (2024) identify neurons that
are selectively active for individual languages, con-
centrated in the first and last layers, and show
that even minimal interventions on these neurons
can drastically alter generation probabilities in the
target language. Gurgurov et al. (2025) extend
these observations by systematically identifying
and manipulating neurons, highlighting the role of
language-specific components/circuits in modulat-
ing model outputs. However, other studies, such as
Mondal et al. (2025), caution that language-specific
neurons alone may be insufficient for effective
cross-lingual transfer, especially in low-resource
languages, indicating that shared conceptual spaces
remain critical for generalization. Mechanistic
analyses also reveal that language-specific diver-
gences emerge in later layers, where decisions crys-
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tallize/form along language-dependent trajectories
(Nie et al., 2025). Several surveys and broader
analyses contextualize these findings within the
larger multilingual LLM landscape. Resck et al.
(2025) provides a comprehensive overview of ex-
plainability and interpretability methods for multi-
lingual LLMs, categorizing existing work by task,
language, and modeling technique, and highlight-
ing persistent challenges such as English-centric
biases and cross-lingual performance disparities.
Complementing these, Zhao et al. (2024) formal-
ize the MWork hypothesis, which suggests that
multilingual LLMs encode knowledge in a shared
conceptual space, then project through English-
aligned representations before decoding into the
target language, a workflow that resonates with
mechanistic observations from stepwise decision
analyses. Our work builds on this foundation by
framing a layer-resolved, trajectory-based view of
multilingual decision-making in multiple-choice
tasks. Unlike prior studies that focus primarily on
free-form generation or factual recall, we exam-
ine how LLMs incrementally construct decisions
in mMMLU (Hendrycks et al., 2020), isolating
the emergence of language-specific divergences
while maintaining a shared conceptual backbone.
By integrating insights from shared latent spaces,
language-specific neurons, and mechanistic inter-
ventions, our analysis situates the layerwise crystal-
lization of decisions within the broader context of
multilingual reasoning, providing a framework that
complements and extends the current literature.

3 Background

Transformer-Based Language Models A lan-
guage model defines a conditional distribution over
sequences of discrete tokens drawn from a vocab-
ulary V. In this work, we focus on transformer-
based, decoder-only language models trained in an
autoregressive manner, which underlie most con-
temporary large language models (Radford et al.,
2019; OpenAl et al., 2024; Gemini et al., 2024).
Given a sequence of tokens z = [x1,...,2,_1] €
VF=1 a language model M, parameterized by
0 computes a probability distribution over the
next token Pay,(zg | z1,...,25—1). Internally,
transformer-based language models consist of a
stack of T' transformer blocks, each of which reads
from and writes onto a shared residual stream (El-
hage et al., 2021). Denoting the residual stream
representation for the whole sequence at layer ¢

as h(t) € R¥*dmeset and h(t) corresponding to the
last token, the computation proceeds as a sequence
of transformations h(t + 1) = h(t) + fo, (h(t)),
where fy, represents the transformation performed
by the ¢ transformer block (also see Fig. 2). Af-
ter the final transformer block, the residual stream
is normalized and projected onto the vocabulary
using an unembedding matrix Wy € RIVIXdmoder
producing logits over the vocabulary. Applying
a softmax yields the final probability distribution
over the next token. We use this as a basis for an
[t6-process-inspired view of layer-wise represen-
tation dynamics (explained in more detail in App.
A).

4 Experimental Setup

Our goal is to study how and when a multilingual
large language model forms (or goes towards) a
discrete decision during inference, and how this
process differs when the same semantic content
is expressed in different languages. To isolate
decision-making from surface-level linguistic varia-
tion or language-dependent information, we design
a controlled experimental setup based on aligned
multilingual MCQA queries/prompts, where the
same query is asked in different languages. This
setting allows for comparing internal model behav-
ior across languages while keeping task semantics
constant.

Multilingual MCQA as a Controlled Setup We
make use of the mMMLU dataset, which provides
professionally translated versions of the MMLU
benchmark (Hendrycks et al., 2020) in 14 lan-
guages. The presence of the same query in multiple
languages enables a counterfactual-style compari-
son, i.e., the same underlying knowledge and rea-
soning requirements are presented to the model un-
der different linguistic encodings. MCQA provides
a principled and constrained setting for studying
decision-making because it reduces reasoning to a
single discrete commitment among a fixed set of
alternatives (Robinson et al., 2023; Wiegreffe et al.,
2024). Unlike open-ended generation, it minimizes
confounds arising from token frequency, verbosity,
or fluency, and yields a well-defined decision point
that can be traced through the model’s internal rep-
resentations.

Each question contains four answer options, yield-
ing a random-guess accuracy of 25%. To miti-
gate positional biases, we randomly shuffle the
order of answer choices for each instance. The
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model is instructed to respond by generating the
identifier of the selected option (e.g., “A”, “B”,
“C”, or “D”), ensuring that the final prediction cor-
responds to a single token. This discrete output
makes MCQA particularly well-suited for layer-
wise and trajectory-based analysis of decision emer-
gence. We explain the model input-related details,
including the prompt structure, notations, and tem-
plates, in the App. F.

5 Representation Extraction and Decision
Emergence

To study how multilingual language models form
decisions, we examine the evolution of internal
representations associated with the model’s final
answer (i.e., the predicted token) selection. Our
analysis focuses on the decision token, i.e., the to-
ken corresponding to the chosen answer option,
and how its representation is constructed and re-
fined across transformer layers. This token pro-
vides a precise and interpretable locus for studying
decision-making, as it integrates information from
the entire prompt directly determines the model’s
output. In autoregressive transformer-based mod-
els, predictions are generated sequentially, and the
hidden representation of the final token determines
the distribution of the next token. In the MCQA
setting, this next token corresponds to the identi-
fier of the answer choice. As a result, the repre-
sentation associated with this token serves as the
model’s point of commitment: once generated, the
model has effectively completed its reasoning and
selected an answer. Note that the commitment here
is defined as the earliest layer at which the model’s
top-logit prediction over {“_A”,“ B”,*_C”, “_D"}
remains stable for all subsequent layers, which we
also refer as an emergence of decisiveness in model
representations.

Let :L‘l(i)k denote the input token sequence for a
question expressed in language ¢. As the prompt
propagates through a transformer model My =
{fo,,- -, fop } with T layers, each layer updates
a shared residual stream. We extract the hidden
representation corresponding to the decision token
after each layer, enabling a layer-wise view of how
the model incrementally refines its decision.

Layer-wise Representation Extraction For a
given input in language ¢, let h(9) (t) € R¥moset de-
note the hidden state of the decision token after
the ¢-th transformer layer. These vectors capture
how contextual information and task-relevant fea-

tures are progressively accumulated as the model
processes the input. By collecting {h(¢)}L_,,
we obtain a layer-wise trajectory that reflects the
internal evolution of the model’s decision for a
given language and question. We also observe clus-
ter formation in the representational space using
UMAP projection (see App. Fig. 14, 15). Unless
stated otherwise, we analyze post-residual repre-
sentations; details on isolating attention and MLP
contributions are provided in App. C.
Decisiveness via Layer-wise Logit Projection
To quantify when a representation becomes deci-
sive, we adopt the Logit Lens approach (nostalge-
braist, 2020; Haviv et al., 2023). At each layer
t, we project the decision-token representation
hO (t) directly to the vocabulary space using the
model’s unembedding matrix, i.e., logits(“) (¢) =
W LayerNorm(h(¥)(t)). This projection yields a
hypothetical next-token distribution as if the model
were forced to make a prediction at layer ¢. By
measuring whether the correct answer token has the
highest logit (among options) at each layer, we ob-
tain a layer-wise estimate of decision accuracy. Fig.
1 illustrates this process for LLaMA-3 on mMMLU
across multiple languages. We observe that perfor-
mance remains near chance (25% for four options)
in early layers and then rises sharply over a narrow
range of layers (16 - 17). Specifically, while the
overall pattern is consistent across languages, the
rate and sharpness of this transition vary substan-
tially. This variation provides early evidence that,
although representations may be globally similar,
the point at which the model commits to a specific
answer is language-specific. The layer-wise extrac-
tion also forms the foundation for the trajectory-
based analyses in the next section, where we treat
{n©(¢)}I_, as a continuous decision path, updated
by the stacked transformer blocks, and quantify
how multilingual trajectories diverge, align, and
evolve over the course of inference.

5.1 Constructing and Analyzing Decision
Trajectories

Layer-wise representations provide snapshots of a
model’s internal state, but reasoning in transform-
ers is inherently sequential across layers. To cap-
ture how decisions are formed over time (stacked
computational blocks), we model inference as a
trajectory in representation space, i.e., a stepwise
path traced by the decision token as it propagates
through the transformer stack. This trajectory-
based view allows us to study not only when a
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model becomes decisive, but how its internal repre-
sentations evolve toward a commitment, and how
this process differs across languages.

Decision Trajectories For a given multiple-choice
question ¢; expressed in language /, let hl(-g) (t) €
Rmose denote the hidden representation of the de-
cision token after layer ¢ € {1,...,7}. The full
decision trajectory is defined as

= [91),20@), ... WUT)] € RimsaxT

Each trajectory represents not just representations,
but the evolving decision state of the model, which
we treat as the object of comparison across lan-
guages. Because we use aligned multilingual
prompts, trajectories corresponding to the same
question across different languages encode identi-
cal task semantics but differ in linguistic realization.
This enables direct, controlled comparison of deci-
sion dynamics across languages.

Trajectory Projection and Visualization Raw de-
cision trajectories live in a high-dimensional space
and are difficult to interpret directly. To facilitate
comparison and visualization, we project trajecto-
ries into a shared low-dimensional subspace. For
each layer ¢, we form a matrix

M(l)(t) = [hgf) @), ..., h%) (t)] € R%modet XN

containing decision-token representations for all
queries of language ¢, where N is the number of
datapoints/queries. We compute the singular value
decomposition

MO®H =09 sO@R) vEO@)T

and retain the top three left singular vectors
UO ) = [wl(t), ul” (£), ul” (£)] as a shared ba-
sis. Each trajectory is projected to R3*7 as

u TR - W) TRO(T)
i = 1l Th0) )T
OO WD) T (T)

This projection captures the dominant directions
of variation in decision-making while preserving
the temporal structure across layers. Note that the
SVD helps to test/validate whether decision trajec-
tories lie in a low-dimensional subspace (see App.
Fig. 5, where we observe singular values decaying
quickly and monotonically over several orders of
magnitude, pointing towards the existence of low-
dimensionality). If trajectories are highly struc-
tured, a small number of directions should explain

most of the variance; if not, trajectory comparisons
across languages would be ill-posed. Fig. 2 right
side shows the evolution trajectory of last token
representation across transformer blocks (also see
App. Fig. 12, 13). Despite language-specific vari-
ations, trajectories show a consistent curved but
low-dimensional structure, supporting the hypothe-
sis that decision formation could be understood by
a shared underlying geometric subspace that can
be useful for comparison.

To quantify cross-lingual divergence during infer-
ence, we compare decision trajectories across lan-
guages for semantically aligned questions. We mea-
sure the average layer-wise deviation between tra-
jectories, yielding a counterfactual distance that
captures how the model’s decision process changes
under alternative linguistic realizations (see App.
D for detailed definitions/formulations and App.
Fig. 6 for the obtained results).

Since we now know that the trajectories lie in a
low-dimensional subspace, we now see if a di-
rect comparison could be made to understand the
decision-making/formation happening between the
stacked transformer blocks. In the next section, we
formalize this comparison by modeling trajectory
evolution as a stochastic process, allowing us to
formulate a predictive setting, i.e., testing whether
trajectories in one language can forecast/predict
those in another and quantify where cross-lingual
predictability breaks down.

6 Decision Trajectories as a Stochastic
Process

The trajectory formulation introduced in the previ-
ous section treats decision-making as a sequence of
layer-wise updates on the residual stream. While
this view captures the geometry of reasoning, it
does not yet provide a principled model for how tra-
jectories/representations evolve across layers, nor
how trajectories in different languages relate to one
another. In this section, we model decision trajec-
tories as a stochastic dynamical process and use
this formulation to quantify cross-lingual devia-
tions in decision-making. We provide the intuitive
motivation for the presented Stochastic View of
decision making in App. B. Note that we do not
assume that transformer layers are generated by
a true stochastic Itd process. Instead, we use this
formulation as a linearized analytical surrogate for
layer-to-layer representation changes. The goal is
to quantify cross-lingual predictability of updates
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rather than to model the full generative dynamics
of the network.

Ito-Style Approximation of Layer-wise Dynam-
ics Our formulation is motivated by recent findings
on linear approximations of transformer computa-
tions (Sarfati et al., 2025; Park et al., 2024), which
suggest that, locally, a transformer block can be
approximated as a linear operator acting on the pre-
vious layer’s representations. More specifically, to
approximate a representation h(t + 7) from h(t),
one can project h(t) onto an intrinsic basis at layer
t, rescale the coordinates along principal directions,
and rotate them to account for changes in the ba-
sis between layers. This decomposition provides
a natural way to take a linearized view of layer-
wise transformations. Following this intuition and
building on recent findings that hidden-state evo-
lution can be well approximated by a low-rank
linear structure with residual noise, we model the
evolution of decision-token representations as a
special case of a discrete-time Itd process. Let
h(t) € R denote the decision-token represen-
tation at layer ¢. The evolution from layer ¢t to ¢ + 7
is modeled as:

h(t +7) = p(t,7) h(t) + w(t, 7)
— ~——
drift diffusion

= R(t+ 7) A(t,7) R(t) "h(t) + w(t, 7)

where R(t) is an orthogonal matrix capturing the
dominant basis of variation at layer ¢, A(¢,7) is a
diagonal scaling matrix governing contraction or
expansion along principal directions, and w(t, 7)
is a noise term capturing unmodeled nonlinear ef-
fects. In practice, we estimate these quantities us-
ing the singular value decomposition of the ma-
trix of decision-token representations at each layer,
M(t) = U(t) 2(t) V(t)" and set R(t) = U(t),
A(t,7) = 2(t + 7)X(¢)~! . This approximation
captures the dominant linear component of trajec-
tory evolution while allowing residual stochasticity.
Cross-Lingual Trajectory Prediction We extend
this hypothesis formulation to a multilingual set-
ting by using trajectories in one language to predict
trajectories in another. Let ¢, and ¢, denote two
languages, and h(‘a)(t) € Rmew be the decision-
token representation for a given question at layer ¢
in language /,. We construct a predicted represen-
tation for language ¢, at layer ¢ + T as:

R (¢ 4+ 7) = plato) (¢, ) Re) (1)
plalo) (1) = RO (¢ 4 1) Alerto) (¢, 7) RUEa) (1) T

where R()(t) UO(t) and Alal)(t 1) =
3 (%) (¢ 4 7)x(¢a) (#)~1. This construction provides
a cross-lingual predictive approximation to test
whether trajectories in one language can predict
those in another, i.e., if the model were reasoning
in language ¢;, how would its internal decision state
evolve/deviate given the state observed in language
£4?

Prediction Error To evaluate the quality of these
cross-lingual predictions, we measure the deviation
between the predicted and true decision trajecto-
ries in language ;. To ensure comparability across
layers, we use a normalized, direction-based error
metric that isolates differences in trajectory direc-
tion rather than magnitude. Full definitions and
implementation details are provided in App. E.
Interpreting Error as Language-Specific Deci-
sion Dynamics Low prediction error indicates that
decision evolution in language ¢} can be accurately
inferred from language ¢,, suggesting shared de-
cision dynamics. Conversely, high error reveals
layers where multilingual trajectories diverge in
a way that cannot be explained by a shared lin-
ear process. Specifically in Fig. 1, we find that
prediction error peaks in the same layers where
logit-based decisiveness emerges and where trajec-
tory divergence is highest (for all subcategories in
the MMLU dataset, see App. Fig. 7a - 7d, also
see App. Fig. 16). This alignment supports a
primary finding of the paper, language-specific de-
viations are more pronounced during the decision-
making phase of inference. Early layers admit
a largely shared stochastic evolution, while later
layers exhibit language-dependent deviations that
reflect how the model commits to an answer. Fig. 3
shows the prediction error from English trajectory
to other languages in more detail. Note that this
should be interpreted as a correlational alignment
between divergence and decision formation, rather
than a strict causal attribution.

In the next section, we leverage this insight to iden-
tify dominant directions associated with English-
centric decision-making and test whether steering
representations along these directions can improve
performance in other languages.

6.1 Languages-to-English Directions and
Cross-Lingual Steering

Our trajectory and prediction-error analyses reveal
that while early-layer processing is largely shared
across languages, late-layer decision trajectories
diverge in a structured manner. Languages with
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Figure 3: The Figure shows trajectory prediction error (defined in App. E), from English trajectory to other
languages. For each layer, we also consider predicting the representations for the next 10 layers (rows in the matrix),
that directly highlights the divergence increasing in the middle layer where the decision starts to form.

higher downstream accuracy, most notably English,
occupy a distinct region of the decision space near
the point of commitment. In this section, we ask
whether this geometric advantage plays a crucial
role in decision quality.

English as a Reference Decision Space Prior work
suggests that multilingual LLMs may implicitly
rely on English as a reference language during rea-
soning (Wendler et al., 2024; Zhao et al., 2024).
Our analyses refine this view, rather than reason-
ing explicitly in English throughout inference, the
model’s late-layer decision states for different lan-
guages are systematically displaced relative to En-
glish along consistent directions.
Languages-to-English Direction For a fixed layer
t and question ¢, we define an Languages-to-
English Direction as the average normalized dis-
placement from non-English decision representa-
tions toward the English representation:

en {4
dtenp) — 1 5 i (1) — h%)(t)
1= 1 2o g™ @) = h? ()2

This direction (d\™(t) = d<™(t)/|ldS™ (1))
captures a systematic axis along which English
decision states differ from those of other languages.
We find that the stability and magnitude of this di-
rection increase sharply in the same layers where
decision trajectories diverge and logit-based ac-
curacy saturates, suggesting its relevance to the
decision-making phase of inference.

Steering Decision Trajectories To test the im-
pact/contribution of this direction, we further in-
tervene on non-English decision representations
during inference. For language ¢ # en at layer
t, we modify the residual stream as ﬁ(z)(t) =
RO @) /||hO#)||2 + d (t). We normalize and
scale by the representation norm (||(9)(t)]]2) to
preserve layer-dependent magnitude and avoid arti-
ficially collapsing the activation scale when apply-

ing the intervention. This intervention nudges the
internal state toward the English decision subspace
without changing the input or model parameters.

Effects on Multilingual Performance Fig. 4
shows the effect of Languages-to-English steering
on multiple-choice accuracy across layers for sev-
eral non-English languages. Across languages, we
note that steering narrows, but does not eliminate,
the performance gap to English, suggesting that
English-aligned directions encode a shared yet in-
complete decision subspace. These results provide
some evidence that late-layer English-aligned direc-
tions directly contribute to decision quality, rather
than merely reflecting correlational differences be-
tween languages. Note that we do not claim that
this intervention isolates a uniquely English sub-
space; rather, it probes whether a consistent high-
performance direction exists across languages in
late-layer decision space.

Interpretation and Limitations These results sug-
gest that multilingual LLMs encode a shared de-
cision subspace that is unevenly accessed across
languages. English, by virtue of its prevalence dur-
ing training, appears to lie closer to a high-utility
region of this subspace. Steering other languages
toward this region improves decision quality, but
does not eliminate language-specific structure en-
tirely. We would like to emphasize that steering
is used here as a diagnostic tool rather than a pro-
posed deployment strategy. By identifying and
intervening on English-aligned directions in repre-
sentation space, we provide interventional evidence
that multilingual performance disparities arise from
language-specific decision dynamics rather than
a lack of shared conceptual understanding. This
finding complements our earlier mechanistic anal-
yses and underscores the importance of studying
decision-making, not just representation similarity,
when evaluating multilingual language models.
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7 Discussion

Our analysis of multilingual LLMs reveals sev-
eral interconnected phenomena that illuminate how
these models form decisions and manage cross-
lingual reasoning. By combining trajectory-based
analyses, logit-lens accuracy, and interventions
along English-aligned directions, the proposed ex-
perimental setup helps uncover the dynamics and
structure of decision-making in transformer-based
language models.

Language-Specific Trajectory Divergence
Aligned multilingual MCQA prompts reveal
that decision trajectories are not fully language-
invariant. Importantly, our analysis shows that
this divergence is not gradual from early layers,
but emerges sharply near the same layers where
decisiveness occurs. While shared early-layer
representations exist, late-layer deviations are
systematic, potentially reflecting differences in
training data frequency, tokenization, and syntactic
conventions. Multiple trajectory-based metrics
(e.g., Counterfactual Distance, and CKA (Park
et al., 2024); see App. G, Fig. 6, 8, 9)) consistently
show that higher divergence correlates with
increased prediction error across languages. These
results highlight that multilingual LLMs encode
a shared conceptual subspace but access it via
language-specific pathways. Understanding these
pathways is helpful for diagnosing and improving
cross-lingual performance.

English-Aligned Decision Directions and Steer-
ing By identifying English-aligned directions in
the decision subspace, we provide interventional
evidence that shifting representations toward these
directions improves performance. We also note that
these directions are derived from differences be-
tween languages on the same task and may partially
encode correctness signals in addition to language-
specific structure. This finding suggests that higher-

performing languages (often English in our setup)
tend to lie closer to regions associated with correct
answer selection. Importantly, this analysis frames
Language-to-English directions as a tool for un-
derstanding cross-lingual decision geometry rather
than as a prescriptive solution. It demonstrates that
language disparities are not merely an artifact of
representation similarity but emerge dynamically
during decision formation.

Mechanistic Insights and Broader Implications
Our work emphasizes the importance of study-
ing decision dynamics rather than static embed-
dings alone. The combination of trajectory analy-
sis, logit-lens probing, and Itd6-process modeling
provides a complementary set of analytical tools
for tracking how internal representations evolve
toward a discrete choice. Each component captures
a different aspect, where logit lens (nostalgebraist,
2020) identifies when decisions emerge, trajectory
analysis captures how representations evolve, and
prediction-based analysis tests cross-lingual pre-
dictability of these dynamics.

8 Conclusion

Our study demonstrates that multilingual LLMs
form decisions through the structured, layerwise ac-
cumulation of information in a residual stream, re-
sulting in language-specific yet partially aligned de-
cision trajectories. We find that higher-performing
languages lie closer to regions associated with cor-
rect answer selection, and that interventions along
these directions provide interventional evidence
linking representation geometry to cross-lingual
performance differences.  Overall, our results
suggest that multilingual reasoning is neither fully
shared nor entirely language-specific, but emerges
from shared representations that diverge during de-
cision formation. This provides a layer-resolved
perspective on how representational geometry and
decision dynamics interact in multilingual LLMs.
More importantly, the multilingual setup we used
(sharing the same knowledge across multiple lan-
guages and decision-making starting from the same
token) will be interesting for future analysis to pin
down the multilingual behavior of language mod-
els.

Limitations

Several limitations warrant further discussion.
First, our analyses focus on multiple-choice ques-
tion answering; other tasks, especially open-ended
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generation, may exhibit different trajectory dynam-
ics. Second, English-aligned steering provides only
a partial correction for cross-lingual disparities;
it does not resolve structural biases arising from
tokenization, pretraining corpora, or cultural con-
text. Finally, while trajectory-based and It6-process
modeling provide a rich lens for mechanistic under-
standing, these methods rely on low-dimensional
projections and linear approximations, which may
miss finer-grained nonlinear interactions in the
residual stream. Future work could extend these
analyses to: 1) Broader task categories beyond
MCQA, including reasoning, translation, and di-
alogue. 2) Mixed-language and code-switching
prompts to study real-world multilingual scenarios.
3) Training-time interventions that encourage cross-
lingual alignment of decision trajectories without
reliance on a single pivot language.

Ethical Considerations

The current research focuses on understanding the
inner workings of LLMs. To the best of our knowl-
edge, the current research does not have direct eth-
ical implications. We have used openly available
datasets in this research.
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A An Ito-Process-Inspired View of
Layer-Wise Representation Dynamics

To formalize the intuition, we adopt an It6-process-
inspired perspective on the evolution of token rep-
resentations across transformer layers. In stochas-
tic calculus, an It6 process describes the evolution
of a state as a sequence of small, incremental up-
dates driven by deterministic and stochastic com-
ponents. While transformer models are determin-
istic at inference time, the residual stream update
h(t+ 1) = h(t) + fo,(h(t)) naturally lends itself
to an analogous interpretation: each layer applies
a small, structured update that gradually steers the
representation toward a final outcome.

We emphasize that this is an interpretive lens,
not a literal stochastic differential equation. The
utility of this perspective lies in framing decision-
making as a progressive accumulation of evidence
across layers. Under this view, early layers corre-
spond to low signal-to-noise regimes where answer
probabilities remain near-uniform, while later lay-
ers amplify specific directions in representation
space that correspond to particular answer choices.
This formulation motivates our trajectory-based
analyses in later sections. By comparing the layer-
wise evolution of decision-token representations
across languages, we can quantify when trajecto-
ries diverge, how decisiveness emerges, and which
layers play a dominant role in multilingual decision-
making.

B Why a Stochastic View?

Transformer layers repeatedly apply similar op-
erations, attention, non-linear mixing, and resid-
ual updates, suggesting that inference proceeds
through incremental transformations rather than
abrupt state changes. Recent work has shown that,
when viewed at a sufficiently coarse scale, hidden-
state trajectories in transformers can be well ap-
proximated by linear stochastic processes (Sarfati
et al., 2025). This perspective models inference
as a noisy evolution through representation space,
where each layer applies a small, structured up-
date to the current state. Considering this view
allows us to move beyond descriptive trajectory
visualization and ask a sharper question: to what
extent can the evolution of a decision trajectory
in one language predict the trajectory in another
language? 1f multilingual reasoning were fully
language-agnostic, such predictions should be ac-
curate. Systematic prediction error, by contrast,

would indicate language-specific decision dynam-
ics. We approximate layer-wise evolution using a
linear stochastic model that captures dominant di-
rections of variation while treating residual effects
as noise.

C Residual Stream and MLP
Contributions

Within each transformer layer, information is writ-
ten to the residual stream twice: once by the
self-attention block and once by the feed-forward
(MLP) block. To disentangle these contributions,
we extract representations at two points: 1) MLP
output: the contribution of the non-linear feed-
forward network before it is added to the residual
stream; 2) Residual post (Resid-Post): the up-
dated residual stream after both attention and MLP
updates.

Note that unless stated otherwise, our analysis fo-
cuses on the Resid-Post representations, as they re-
flect the full accumulated state used by subsequent
layers and by the final unembedding operation. Fo-
cusing on the decision token’s Resid-Post state en-
sures that the extracted representation integrates all
information relevant to answer selection. All rep-
resentations are extracted using TransformerlLens
(Nanda and Bloom, 2022), which provides precise
access to internal activations at each layer.

D Counterfactual Distance Metrics for
Trajectory Comparison

Decision trajectories provide a natural object for
quantifying how multilingual reasoning unfolds.
Given two languages ¢, and ¢, and a shared ques-
tion ¢ ~ Q, we compare their trajectories by mea-
suring the average layer-wise distance:

COM(g; o, () = . D [|A0=) () — 1)

We refer to this quantity as the counterfactual
distance metric (CDM): one language serves as the
factual input, while the other is a counterfactual
realization of the same semantics. Low values indi-
cate that the model follows similar internal decision
paths across languages, whereas high values reflect
language-dependent divergence.

Averaging over the dataset Q, yields a global
measure of cross-lingual divergence:

LangDiv({y, ¢y) = Equo [CDM(g; £q, £p)]
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Figure 5: The figure shows singular values increasing monotonically across the layer, highlighting that the
corresponding singular values decay quickly over several orders of magnitude, highlighting a low-dimensional
curved subspace followed by the decision trajectories, making trajectory comparison suitable for a multilingual

decision making setup.
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Figure 6: Pairwise language divergence across lan-
guages. Heatmap of the language divergence score
between pairs of languages, computed by averaging
trajectory distances over semantically equivalent inputs.
Lower values indicate stronger cross-lingual alignment.
The matrix shows a systematic variation in representa-
tional similarity across different language pairs.

These metrics allow us to identify layers where
multilingual trajectories diverge most strongly, re-
vealing stages of inference where language-specific
processing dominates decision-making.

E Normalized Prediction Error

To quantify the quality of these cross-lingual pre-
dictions, we compare the predicted representation
h(&)(t) with the true representation (%) (¢). Be-
cause representation norms tend to grow across
layers, raw mean squared error is not comparable
across depth. We therefore use a normalized error
metric:

h&)(t) h&) ()
(RN, 1R @12,

Err(t; 44, 0y) =

This measure captures angular deviation be-

tween predicted and true trajectories, isolating dif-
ferences in direction rather than magnitude.

F Prompt Details

For a given language ¢, each MCQA prompt con-
sists of three components: 1) Query m((li)ery, con-
taining the question text in language ¢; 2) Choice
set ng;)tions = {A. ogg) ,B. 0(2@, ... }, listing the can-
didate answers in the same or another language;
3) Prompt template x., which specifies the task
instruction (kept fixed across languages unless oth-
erwise stated). The full input sequence is formed
by concatenating these components at the token
level. Let xii)k denote the resulting token sequence
for a question expressed in language ¢. Given an
autoregressive transformer-based language model
Mo ={fo,,-.., fo,} with T layers, the model de-

fines a probability distribution over the next token:

J4 J4 4
P(l'k | $§<)kaM9) = P(xk | mf(lu)ef}”xg)p)tions’

Le, M@)

In autoregressive decoding, the generated next
token x; corresponds to the model’s selected an-
swer option. This token serves as the model’s
point of commitment, integrating information from
the entire input context. By presenting the same
question in multiple languages and examining the
internal computation leading to this final token,
we can directly compare how decision-making un-
folds across languages. This experimental setup,
i.e., aligned multilingual inputs, discrete decision
outputs, and a well-defined commitment token,
provides a controlled foundation for understand-
ing/investigating the internal dynamics of multi-
lingual reasoning. In the following sections, we
build on this setup to extract internal representa-
tions, measure layer-wise decisiveness, and analyze
decision trajectories across languages.
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F.1 Prompt Templates

For all our experiments, we follow a standard
prompt template. This section provides the de-
tails of the prompt templates used in our multiple-
choice question answering (MCQA) evaluations
of autoregressive open-weight language models
(LLaMA(-3-8B) in our experiments). All
prompts follow a unified format to ensure consis-
tency across tasks and models. Each prompt begins
with an instruction directing the model to select
the correct answer from a set of multiple-choice
options. In few-shot or in-context learning settings,
this instruction is optionally followed by a set of
in-context examples. The question is prefaced by
a task-specific description, and followed by a list
of labeled answer choices (A, B, C, etc.). The fi-
nal line of the prompt contains the prefix Answer:,
which serves as the model’s response cue. For eval-
uation, we extract the model’s next-token predic-
tion probabilities at this position over the answer
option tokens (e.g., A, B), which we treat as the
model’s predicted distribution over choices.

Fig. 10 illustrates a fully instantiated example
using a question from the mMMLU dataset . The
correct answer is provided at the end of the prompt
and underlined. The colored annotations in the
figure denote fixed template components (in black)
and variable elements drawn from the dataset (in
orange and teal).

This templated format is applied uniformly
across datasets and experimental configurations,
enabling controlled comparisons of model behav-
ior across domains and prompting setups.

Randomized Cross-lingual Prompt We also ex-
tend the standard controlled MCQA setup to a ran-
domized cross-lingual prompt construction setting,
where each prompt component is independently
sampled from a shared multilingual pool (available
set of languages). Let £ denote the set of available
languages (6 languages in our case). Instead of
fixing a single language ¢ for all components, we
define a stochastic construction process in which
the query, options, and prompt template may origi-
nate from different languages.
Formally, we sample language indices:

€q7 EO, és ~ £>

and construct the corresponding prompt compo-
nents as:

(L) () ().

Lquery; xoptions v Le

The resulting input sequence is a compositional
multilingual prompt formed by heterogeneous lan-
guage segments:

(mix)

t 2
2{5 () (to)

= concat(zquky, & zle)

options’ V€ )

Under this construction, the autoregressive lan-
guage model My defines the next-token distribu-
tion as:

i l Lo
P(l’k | mEI:;cX)’MQ) = P(mk | xl(]U%B'Y’x(()pti)ons’

xgé)a M@)

Fig. 11 shows an example of such a constructed
prompt. This randomized construction adds an-
other setting and introduces controlled linguistic
heterogeneity within a single prompt, helping ana-
lyze cross-lingual composition, interference effects,
and the robustness of decision-making in autore-
gressive reasoning models.

G Static Representation Similarity

Trajectory-based metrics characterize the dynam-
ics of decision-making, but they do not directly
measure static representational alignment. To com-
plement our analysis, we compute centered kernel
alignment (CKA) (Kornblith et al., 2019) between
decision-token representations across languages
at each layer. CKA is invariant to isotropic scal-
ing and orthogonal transformations and has been
shown to be particularly well suited for compar-
ing representations in language models (Klabunde
et al., 2025).

While CKA captures whether representations
occupy similar subspaces, our trajectory metrics
reveal how these representations are used over time
to form decisions. Together, these analyses allow
us to distinguish shared representational structure
from language-specific decision dynamics.

By treating inference as a trajectory through rep-
resentation space, we obtain a unified framework
for analyzing multilingual decision-making. This
view reveals that, although representations may be
globally aligned across languages, the paths taken
to reach a decision are often language-specific, par-
ticularly in layers where decisiveness emerges. In
the next section, we build on this trajectory frame-
work to model decision evolution as a stochastic
process and quantify deviations across languages
in a principled manner.
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Figure 7: The figure shows the performance (Accuracy) of the Llama-3 model on the diferent domains of MMLU
dataset in multiple languages. We observe that the model performance remains near-random (25%, 4-options) for
initial layers and starts to rise from layer 16 and saturates at layer 17, with minor changes in the 17-32 layers.
However, the change varies across different languages, highlighting the model’s use of different spaces for the same
knowledge in different languages. Interestingly the same trend is observed for all the dataset categories present in

MMLU.
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MLP Output

English x French
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English x Hindi
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French x Hindi
French x Japanese
French x Korean
German x Hindi
German x Japanese
German x Korean
Hindi x Japanese
Hindi x Korean
Japanese x Korean
0123456 7 8 91011121314151617 18192021 222324252627 28293031

Residual Stream

0.95

L 0.90
0.80

0.75

0123456 7 8 91011121314151617 18192021 222324252627 28293031

Figure 8: Layer-wise CKA reveals cross-lingual representational alignment. We compute centered kernel alignment
(CKA) between trajectories induced by semantically equivalent inputs across language pairs. The MLP output
(left) and post-residual stream (right) are compared layerwise. Results show high similarity throughout, with the
residual stream maintaining stronger cross-lingual geometry alignment, reflecting preserved shared structure despite

language-specific processing.

MLP Output

English x French
English x German
English x Hindi
English x Japanese
English x Korean
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French x Hindi
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Figure 9: Layer-wise language divergence in residual stream and MLP outputs. Heatmaps show langauge divergence
between trajectories induced by semantically equivalent inputs in different languages. Rows denote language pairs
and columns denote transformer layers. Divergence is measured at the MLP output (left) and post-residual stream
(right). Divergence is low in early layers and increases with depth, with consistently higher values in the residual
stream, indicating that language-specific effects accumulate through residual updates and shape downstream

representations.

Question: Mars has an atmosphere that is almost entirely carbon dioxide. Why isn’t there a
strong greenhouse effect keeping the planet warm?
A: the atmosphere on Mars is too thin to trap a significant amount of heat

B: There actually is a strong greenhouse effect and Mars would be 350C colder than it is now

without it.

C: Mars does not have enough internal heat to drive the greenhouse effect
D: the greenhouse effect requires an ozone layer which Mars does not have

Answer: A

Figure 10: Input prompt formats for the MCQA-based evaluation of autoregressive open-weight models. The black
text is the templated input for all datasets. The blue text is the query from the mMMLU dataset and orange
text are the respective choice set. The next-token prediction probabilities of the option IDs at the red text are

used as the observed prediction distribution.
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Question: Votre premiéere action aprés la confirmation d’un arrét cardiaque est de
sicherstellen, dass das Notfallteam/die Notfalldienste gerufen werden.

A:

B: zwei Atemzuge zur Wiederbelebung geben.
C: 30 Herzdruckmassagen durchfihren.

D:

Answer: A

die Aufzeichnungen prifen, um festzustellen, ob der Patient eine DNAR-Anordnung hat.

Figure 11: Input prompt formats for the MCQA-based evaluation of autoregressive open-weight models. The black
text is the templated input for all datasets. The blue text is the query from the Random mMMLU dataset
and orange text are the respective choice set, where the query and the choices are probabilistically in different
languages. The next-token prediction probabilities of the option IDs at the red text are used as the observed

prediction distribution.
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Figure 12: The figure shows trajectory visualizations obtained for decision-making across languages with a language-
specific basis. Each trajectory is projected into a shared low-dimensional basis to reveal consistent geometric

structure across languages.
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Figure 13: The figure shows trajectory visualizations obtained for decision making across languages where the

basis is obtained for the Random MMLU dataset
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Figure 14: The figure shows the UMAP of latent representations across the model for different languages.
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Figure 15: The figure shows the UMAP corresponding to the scaled trajectories (scaled by ¥(¢)~!) for different

languages.
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Figure 16: The figure shows the scatter plot corresponding to the Itd process predictions for MMLU STEM dataset,

from English to other languages
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