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Abstract

Large language models (LLMs) can answer
prompts in many languages, despite being
trained predominantly on English; yet, the
mechanisms driving this generalization remain
poorly understood. This work asks: How does
an LLM’s ability to align representations of
non-English inputs to English impact its per-
formance on natural language understanding
(NLU) tasks? We study the role of representa-
tion alignment in instance-level task decisions,
complementing prior analyses conducted both
at the language level and task-independently.
We introduce the Discriminative Alignment In-
dex (DALI) to quantify instance-level alignment
across 24 languages other than English and
three distinct NLU tasks. Results show that
incorrect NLU predictions are strongly associ-
ated with lower representation alignment with
English in the model’s middle layers. Through
activation patching, we show that incorrect
predictions in languages other than English
can be fixed by patching their parallel En-
glish activations in the middle layers, thereby
demonstrating the causal role of representation
(mis)alignment in cross-lingual correctness.1

1 Introduction

Large language models (LLMs) exhibit impressive
multilingual capabilities, successfully performing
natural language understanding (NLU) tasks such
as reading comprehension and common-sense rea-
soning in languages other than English despite be-
ing pre-trained mostly on English text (Touvron
et al., 2023; Muennighoff et al., 2023). This ability
to transfer NLU capabilities from high-resource
languages (e.g., English) to lower-resource ones
has been well-documented in encoder-only archi-
tectures (Conneau et al., 2018, 2020; Yang et al.,
2019; Devlin et al., 2019). However, the capacity
of decoder-only LLMs to internalize and transfer

1� Code: github.com/Kartik21/XLingAlignment

knowledge across languages remains relatively un-
derexplored (Hämmerl et al., 2024).

Recent work has focused on understanding how
LLMs predominantly trained in English process
multilingual text. Wendler et al. (2024) analyze
intermediate representations in Llama-2 (Touvron
et al., 2023) through early exit strategies (nosal-
gebraist, 2020), demonstrating an implicit pivot
through English in the middle layers while process-
ing non-English text. This raises the question of
whether an LLM’s ability to align representations
of non-English text to its corresponding parallel
English text representations is predictive of its ca-
pabilities in languages other than English.

Prior work shows that representational align-
ment measured using independent parallel corpora
correlates with multilingual task accuracy: Kar-
garan et al. (2025) introduced MEXA, a cross-lingual
retrieval-based score for languages other than En-
glish, computed by comparing non-English rep-
resentations to English representations from the
same model across a fixed set of parallel texts. The
authors demonstrate that MEXA scores are strongly
correlated with multilingual task accuracy (i.e., lan-
guages with better MEXA scores exhibit better task
accuracy), suggesting that cross-lingual alignment
is a good indicator of an LLM’s multilingual capa-
bility. However, language-level correlational stud-
ies analyze alignment at the aggregate level, using a
corpus independent of the NLU task, leaving open
the question of how representation alignment af-
fects model behavior on individual NLU instances.

Our work seeks to address this gap and deter-
mine whether LLMs make better multilingual pre-
dictions when given inputs well-aligned with En-
glish. We ask two research questions (RQ):

1. RQ1: Is cross-lingual alignment associated
with task accuracy at the instance-level of a
specific NLU task within a language?

2. RQ2: Does misalignment with English repre-
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S(`I am a cat. Meow!’,
`Je suis un chat. Miaou!’ )

S(`I am a cat. Woof!’,
`Je suis un chat. Ouaf!’ )

S(`I am a cat. Meow!’ ,
`Je suis un chat. Ouaf!’ )

S(`I am a cat. Woof!’ ,
`Je suis un chat. Miaou!’ )

S(`I am a cat. Meow!’ ,
`I am a cat. Woof!’ )

S(`Je suis un chat. Miaou!’,
`Je suis un chat. Ouaf!’ )

Story + End 1 : I am a cat. Meow!
Story + End 2 : I am a cat. Woof!

English

Layer 1

Layer 32

Layer 2

Layer 3

..

Layer 1

Layer 32

Layer 2

Layer 3

..

DALI=1 if S(cross-lingual matched pairs) > S(cross-lingual mismatched pairs); 0 otherwise

DALISt=1 if S(cross-lingual matched pairs) > S(cross-lingual mismatched pairs) AND 
S(cross-lingual matched pairs) > S(within language mismatched pairs);
0 otherwise

Story + End 1 : Je suis un chat. Miaou!
Story + End 2 : Je suis un chat. Ouaf!

French

Figure 1: DALI is calculated at the instance-level across transformer layers using its representations. The model is
tasked with picking the right ending (‘Meow/Woof’ in English; ‘Miaou/Ouaf’ in French) given a premise (‘I am a
cat/Je suis un chat.’ in English and French, respectively). DALI=1 if the cosine similarity S of both the cross-lingual
matched pairs exceeds both the mismatched pairs, indicating the ability of the model to distinguish semantically
equivalent English and French text from non-equivalent representation pairs. A stricter variant, DALIst adds an
additional condition that S of cross-lingual matched pairs must exceed the intra-lingual mismatched pairs.

sentations causally explain failures on inputs
in other languages?

Following Kargaran et al. (2025), we focus on
multilingual discriminative NLU tasks. To answer
RQ1, we introduce the Discriminative Alignment
Index score (DALI) and its variant (DALIst), which
quantify representation alignment at the instance
level (Figure 1). By establishing instance-level
metrics to quantify alignment, we compare two
groups in which cross-lingual transfer from En-
glish yields distinct outcomes: Transfer Success
(TS) and Transfer Failure (TF) (Figure 2). We
find that TS instances are consistently more aligned
with their English counterparts than TF instances
across benchmarks, languages, and models.

P: I am a cat. 
A: Meow. 
B: Woof. 
Answer: A B

✅

P: Je suis un chat. 
A: Miaou. 
B: Ouaf.
Answer: 

❌

A B

Transfer-Failure (TF)

P: I am a dog. 
A: Meow. 
B: Woof. 
Answer: A B

✅

P: Je suis un chien 
A: Miaou. 
B: Ouaf.
Answer: 

Transfer-Success (TS)

A B

✅

Correct in English AND French Correct in English; Incorrect in French

Figure 2: French TS and TF samples in MCQA format.

We answer RQ2 through controlled activation
patching (Figure 3): we patch semantically equiv-
alent English representations at layer λ onto the
corresponding non-English forward pass of TF in-
stances. We then observe whether the patch is more

successful at flipping the model’s prediction to the
correct answer than a patch from a control (i.e.,
semantically non-equivalent) instance. Our experi-
ments reveal that semantically equivalent English
patches are consistently more effective than control
patches at correcting predictions, with effects con-
centrated in specific intermediate layers, providing
causal evidence that alignment with English repre-
sentations drives successful cross-lingual transfer.

2 Methods

We first introduce metrics to quantify representa-
tion alignment with English at an instance level,
and compare alignment between TS and TF in-
stances (§2.2). Then, we formalize our activation
patching setup, which establishes a causal link be-
tween alignment and cross-lingual transfer (§2.3).

2.1 Preliminaries
MEXA (Kargaran et al., 2025), henceforth denoted as
MEXAF , measures a model’s general cross-lingual
alignment ability with English using a fixed set of
sentences from parallel datasets such as FLORES-
200 (Team et al., 2022). MEXAF follows the concept
of weak alignment (Hämmerl et al., 2024) defined
as the proportion of samples that are ‘aligned’.
For languages L1,L2 drawn from the set L, let
(ui, vi) be pairs of sentence representations de-
rived from the layer λ of a transformer where
i = 1, . . . , N ;u ∈ L1, v ∈ L2. We say a sample
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is ‘aligned’ if it has a higher cosine-similarity with
its parallel instance than with other non-parallel
instances. Formally, we define MEXAF as follows:

MEXAF (L1,L2,λ) =
1

N

N∑

i=1

1
(
S(ui, vi) >

max
j∈1,...N ;j ̸=i

(
{S(ui, vj)} ∪ {S(uj , vi)}

))

(1)

Since transformer representations exhibit
anisotropy (Ethayarajh, 2019), i.e., they occupy a
narrow, directional cone in the latent space rather
than being uniformly distributed, cosine similarity
scores are high even for semantically unrelated
text, making it challenging to distinguish genuine
alignment from spurious directional clustering.
By assigning a binary score instead of using raw
cosine similarities, MEXAF mitigates this issue.
Any parallel dataset can be used to compute
MEXAF , as evidenced by the original study, which
also used the Bible (Mayer and Cysouw, 2014)
corpus in addition to FLORES-200. Empirically,
maxλ

{
MEXAF (L1=English,L2)

}
is strongly correlated

with NLU model performance in L2, such that
languages with higher MEXAF scores tend to
achieve higher task accuracy and vice versa.

2.2 Instance-level metrics for Cross-lingual
Alignment

While MEXAF provides a general magnitude of
cross-lingual alignment at the language-level, our
objective is to quantify cross-lingual alignment at
an instance-level on a discriminative task. To this
end, we propose three metrics: 1) DALI, 2) DALIst
- a stricter variant of DALI, and 3) MEXAT - a task-
specific variant of MEXAF . Although these met-
rics can be applied to any two languages, we fix
L1 = English for all our analyses, as we are in-
terested in examining the LLM’s ability to align
non-English representations with their correspond-
ing English counterparts.

DALI Consider a discriminative task D across
multiple languages, where each instance
has a premise P and string answer options
o1, o2, . . . , onopt . The model is tasked with picking
the correct option. Figure 1 presents one example
where the model is given a premise in both English
(PEng = ‘I am a cat.’) and French (PFr = ‘Je suis
un chat.’), and nopt = 2. The model is tasked with
picking the right ending among the options for the
given premise, conditioned on the language of the

premise: in English, o1,Eng = Meow! and o2,Eng =
Woof!; in French, o1,Fr = Miaou! and o2,Fr = Ouaf!.

We extract the representations of the premise-
ending combinations (P + o1, P + o2) in both
languages from various layers λ of an LM. We
set DALI = 1 if the similarity (S) of cross-lingual
matched pairs exceeds mismatched pairs. In prin-
ciple, we can use any vector similarity metric, but
we use cosine similarity as a representative option.
DALI thus captures the model’s ability to align par-
allel premise and ending representations of English
and non-English samples. We define DALI for a
given sample across languages L1,L2 based on the
representations in layer λ of a transformer as fol-
lows:

DALIL1,L2,λ =





1, if S
(
(P + oi)L1 , (P + oi)L2

)

> S
(
(P + oi)L1 , (P + oj)L2

)

∀i, j = 1, . . . , nopt; i ̸= j

0, otherwise

(2)

We follow the same approach as MEXA (Kargaran
et al., 2025) by assigning a binary DALI score per
sample instead of cosine similarities. However, the
small pool of mismatched pairs reduces DALI’s dis-
criminative power: for instance, a 2-option task
involves only two cross-lingual mismatches, in-
creasing the likelihood of false positives.

DALIst To address this issue, we introduce a
stricter metric, DALIst. We enforce an additional
criterion that the cosine similarity of cross-lingual
matched pairs must surpass all within-language
mismatched pairs (see Figure 1). This imposes a
stricter threshold by capturing whether the simi-
larity between cross-lingual pairs is higher than
that of non-equivalent sentences within the same
language. We formally define DALIst as follows:

DALIst,L1,L2,λ =





1, if DALI = 1 and
S
(
(P + oi)L1 , (P + oi)L2

)

> S
(
(P + oi)Lk , (P + oj)Lk

)

∀i, j = 1, . . . , nopt; i ̸= j, ∀k = 1, 2

0, otherwise
(3)

MEXAT We also compute a task-specific version of
MEXAF (Equation 1) that allows for instance-level
alignment measurements for each NLU sample.
The only difference in calculating MEXAT is that
u ∈ PEng, v ∈ PL2 from task D as opposed to
being generic sentences from the FLORES dataset.
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Benchmark Description |L| nopt N
Belebele
(Bandarkar et al., 2024)

Reading
comprehension 122 4 900

Xstorycloze
(Lin et al., 2022)

Narrative
understanding 11 2 1511

Xcopa
(Ponti et al., 2020)

Commonsense
reasoning 11 2 500

Table 1: NLU discriminative benchmarks– Number of
languages (|L|), options per sample (nopt), and number
of samples per language (N).

Differences between the metrics While the
three proposed metrics all quantify cross-lingual
alignment at the instance level, they differ in
their definitions. DALI and DALIst ensure that
premise+option pairs in a given NLU instance
are aligned, meaning the contrastive examples are
within a given test instance. MEXAT , on the other
hand, focuses only on whether the representations
of parallel premises across languages are more
aligned than non-parallel premises. Based on Fig-
ure 1’s example,

MEXAT =





1 if S(‘Je suis un chat’, ‘I am a cat’)
> max

{
S(‘I am a cat’, other PFr),

S(‘Je suis un chat’, other PEng)
} (4)

Due to the number of contrastive parallel samples
(2N − 2 if there are N total samples), the prob-
ability of MEXAT = 1 occurring by chance is low.
On the other hand, DALI relies on within-sample
mismatched pairs, which are inherently limited by
task design: a 2-option task involves only two mis-
matched cross-lingual pairs. While DALIst miti-
gates this by enforcing a stricter criterion, tasks
with few options remain vulnerable to false posi-
tives due to anisotropy (§5.1).

Associative analysis of cross-lingual alignment
We analyze the role of alignment between TS and
TF instances for each language. We hypothesize
that TS samples exhibit higher cross-lingual align-
ment than TF samples, and we test this hypothesis
statistically. It is worth noting that DALI, DALIst,
and MEXAT are derived across all transformer lay-
ers for each sample, producing a binary vector (of
the same length as the number of layers) per in-
stance. We compute the % of samples with align-
ment=1 at each layer λ and identify the layer with
the largest alignment overall (denoted as λmax).
Although statistical tests between alignment mea-
sures can be conducted at any layer, we localize
our tests to the layer with the highest alignment

for each metric, as this is where the model’s cross-
lingual alignment mechanism is most actively and
successfully engaged. We compare alignment (%
alignment=1 at λmax) across the two groups using
a z-test for proportions against a one-sided alter-
native that % aligned in TS samples exceeds %
aligned in TF samples at a level (α) of 0.05. A pos-
itive ∆TS-TF(alignment) means that samples that
generalize well have a higher degree of alignment
than samples that do not.

Attn

MLP

=

A 
B 

I am a cat
.

A: M
eo

w
B: W

oo
f

Answ
er : 

English forward pass

Je sui
s

un ch
at.

A: M
iao

u
B: O

ua
f

Answ
er : 

Patch activations 
from hλM,Eng to hλM,Fr

?

<Ġ>

<Ġ>

French forward pass

Figure 3: We analyze the causal effect of alignment on
task accuracy by patching a successful English forward
pass hλ

M,Eng to the unsuccessful French forward pass at
layer λ (hλ

M,Fr), thereby treating hλ
Eng as a causal me-

diator for the French sample’s success. We measure the
effectiveness of the patch by tracking the % of samples
that flip to the correct prediction upon patching.

2.3 Activation Patching

To determine whether non-English failures stem
from the model’s inability to construct represen-
tations equivalent to those produced by the En-
glish forward pass, we perform activation patch-
ing. Activation patching is an interpretability
technique (Vig et al., 2020; Meng et al., 2022)
that allows one to test whether an LM’s repre-
sentation at layer λ (hλ) is a causal mediator
(Mueller et al., 2024) for the model’s behavior.
Transformer architectures process input tokens2

x1, x2, . . . , xm, . . . , xM ∈ V and transform each
token xm into the d-dimensional embedding space
at layer 0 (h0m). For each token and layers λ ∈

2Without loss of generality, we assume the input tokens
are specific to language L.
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{1, . . . ,Λ}, the transformer model updates the
residual stream in the following way, where fλ(.)
refers to the self-attention block followed by the
multi-layer perceptron (MLP) block at layer λ:

hλm,L = h
(λ−1)
m,L + fλ(h

(λ−1)
1,L , . . . , h

(λ−1)
m,L ) (5)

The next-token logits are derived by unembedding
the vector output by the final layer, hΛm,L, back to
the vocabulary space V . For simplicity, we drop
the token index subscript m in subsequent sections,
noting that patching is performed only at specific
positions such as the last or penultimate token.

We run two forward passes for each TF sample:
one in English, which the model answers correctly,
and one in another language, which the model an-
swers incorrectly. If the non-English forward pass
had constructed a representation at layer λ equiv-
alent to hλEng, would the non-English prediction
have instead been correct? We test this by copying
the activations at specific token positions from the
English forward pass (hλEng), and patching them
onto the corresponding non-English forward pass
at the same layer (hλX) (see Figure 3). We iterate
this process across all layers of the transformer,
enabling us to localize the layers where aligned
representations are sufficient to correct failures in
other languages.

Unlike in §2.2’s experiments, which com-
puted alignment by concatenating the premise
and options, we frame the discriminative NLU
tasks as Multiple-Choice Question Answering
(MCQA) to ensure that key token positions align
across the two instances (a prerequisite for patch-
ing). Formally, we have a set of target tokens
Y = {y1, y2, . . . , ynopt} (e.g., {A, B} in the 2-
choice MCQA task) that represent string answer
choices o1, o2, . . . , onopt for each instance. We
use the same Latin-script target tokens across lan-
guages. The model’s prediction is considered cor-
rect if the logit for the target token representing
the correct answer (yc) is higher than those for the
other target tokens (Refer Figure 2 for an example).

Control In an MCQA setting, models may en-
code either the predicted answer choice string or
its corresponding answer symbol token (or both) in
their hidden states, depending on the layer (Wiegr-
effe et al., 2025). If hλEng encoded the target token
prediction rather than only information specific to
the instance, an unrelated English sample with the
same yc (e.g., ‘A’) would be equally effective at cor-
recting the non-English prediction. To isolate the

layers and token positions where hλEng encodes con-
cepts or semantics and not simply the target token
or pointers to it, we also perform control patching
where we copy activations associated with unre-
lated English samples, but with the same yc as the
current instance pair. In Figure 4, we demonstrate
patching hλEng from an unrelated sample with yc =
‘B’ to repair the French sample. The successful
control patch demonstrates that hλEng cannot be in-
terpreted as encoding only semantic information
and is thus inconclusive for testing cross-lingual
alignment for this particular instance. The control
experiment exemplifies why we frame the tasks
as MCQA: it provides the flexibility to evaluate
and identify key, consistent token positions despite
differences in tokenization across languages.

P: Je suis un chien.
A: Miaou. 
B: Ouaf.
Answer: 

!

❌

Model fails 
initially in 
French

A B

Patched logits 
flips to ’B’ for 
both equivalent 
and control 
sample

P: Who painted ‘The 
persistence of memory’? 
A: Picasso
B: Dali
Answer: 

!

P: I am a dog. 
A: Meow! 
B. Woof!
Answer:

!

✅

Model answers 
correctly in English 
for both samples

✅

Figure 4: Control experiment to check if hλ
Eng encodes

semantic concepts or just the target token.

Token position A key facet of our experiment is
the token position m from which we must copy our
English activations and patch them into the non-
English forward pass. We consider two positions in
our Multiple-Choice Question Answering (MCQA)
prompts—at the penultimate token (M − 1) and
the last token (M ), since both positions capture the
task logic of the entire sequence across languages.

Metrics We evaluate the causal effectiveness of
English representations on non-English instances
in three dimensions:

1. Mean logits over the non-English TF samples,
identifying the layer λ where the logit asso-
ciated with the gold token (yc) exceeds the
logits assigned to the distractor target tokens,

2. % flips, defined as the proportion of non-
English TF samples where the yc’s logit ex-
ceeds the distractor logits post-patching, in-
cluding the logit of the incorrect token initially
predicted pre-patching, and

4858



3. ∆ % flips between equivalent and control
patching setups, since this isolates the role
of conceptual alignment from simple target-
token production.

3 Experimental Setup

Tasks We evaluate LLMs on three multilingual
NLU benchmarks (Table 1). Our study is made
possible by their parallel nature, in which premise-
option pairs are structurally identical and equiva-
lent across languages (e.g., ‘I am a cat’ in English
and ‘Je suis un chat’ in French).

The specific prompts used are detailed in Fig-
ure 10. For each sample, we use the MCQA format
and evaluate the logits for each target token y ∈ Y .
We consider the model’s decision correct if the
gold token (yc) receives the highest logits. We la-
bel an instance as TS if the model is correct on
both the English and the non-English NLU sample,
and TF if it is correct only on the English version
(Figure 2).

Models and Languages We conduct our align-
ment association experiments across three di-
verse open-source models, namely Llama3.1 8B
, Llama3.1 8B (it) (Grattafiori et al., 2024), and
Aya23 8B (Aryabumi et al., 2024). This selec-
tion encompasses diverse architectural approaches,
supported languages, and training methodologies.
Critically, these models report and document the
range of languages they support, which enabled us
to construct an intersection set with the languages
available in individual benchmarks (Table 3).

Since the patching experiments are done layer-
wise, this yields 2Λ forward passes per TF sample
in a given language. Due to computational con-
straints, we limit our patching experiments to the
Llama3.1 8B model and the languages it natively
supports. We perform our patching experiments
using nnsight (Fiotto-Kaufman et al., 2025), a
Python package used to access model internals.

Embeddings Following prior work (Neelakantan
et al., 2022; Wang et al., 2024; Kargaran et al.,
2025; Li et al., 2025), we extract the embeddings
corresponding to the last token of the text (hλM )
across each layer of the transformer to calculate
our instance-level alignment metrics.

4 Results

We present the results of our instance-level align-
ment analysis (§4.1), the activation patching (§4.2),

and the control patching experiments (§4.3).

Benchmark Language nacc %acc TS/TF distribution

Belebele

English 723 80.3
French 648 72.0
German 630 70.0
Hindi 499 55.4
Italian 624 69.3
Portuguese 655 72.8
Spanish 635 70.6
Thai 499 55.4

Xstorycloze
English 1451 96.0
Hindi 1263 83.6
Spanish 1398 92.5

Xcopa

English-Italian 429 85.8
Italian 408 81.6
English-Thai 356 71.2
Thai 288 57.6

Table 2: Accuracy results for Llama3.1 8B. nacc and
%acc present the number of accurate instances in a given
language. The distribution column presents the % of
accurate samples in English ( ) for each benchmark, as
well as the breakdown of TS ( ) and TF ( ) instances
for each language-benchmark combination.

4.1 Is alignment stronger when transfer
succeeds?

Table 2 presents the accuracies achieved by the
Llama3.1 8B model for each language-benchmark
combination, along with the % of TS and TF sam-
ples used in our alignment experiments.

The ∆TS-TF(alignment) is consistently positive
(Figure 5) in 30 out of the 33 (language × bench-
mark × alignment metric) combinations, including
8 with statistically significant differences. This
finding directly addresses RQ1 as we demonstrate
an association between cross-lingual alignment
with English and instance-level success. Consider-
ing the various aspects of cross-lingual alignment
that these metrics measure (§2.2), the consistently
positive ∆s point towards a strong association be-
tween superior representational alignment and suc-
cessful transfer generalization. We observe similar
positive results in other models (Figure 11).

4.2 Does patching hλEng correct failures?

We present the results of the Llama3.1 8B semanti-
cally equivalent patching experiment on the Bele-
bele benchmark for Italian (148 TF samples) in the
last token (Figure 6a) and the penultimate token
(Figure 6b) settings. Results for other language-
benchmark combinations are presented in Figures
12, 13, and 14. We divide the plots into three re-
gions of the model’s decision process.
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Figure 5: ∆ Alignment between TS and TF samples using DALI, DALIst, and MEXAT across the three benchmarks in
Llama 3.1 8B. Positive ∆s indicate that alignment is higher in TS samples than TF samples for a given language.
The asterisk (*) indicates that this difference is statistically significant (p < 0.05).
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(a) Belebele - Italian (last-token)
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(b) Belebele - Italian (penultimate token)

Figure 6: Mean logit trajectory and % flip for Italian TF samples (N=148) in the belebele benchmark: Blue bars
represent the % of TF samples that flip to the correct prediction; Green line refers to the mean logits of the gold-token
(tc) and Red line refers to the mean logits of the original incorrect prediction.

Last Token - Early layers (0-15): % flip remains
low, and the mean logits of the initial incorrect
answer exceed the gold answer token, indicating
that hλEng has not yet aggregated the right features
necessary to overturn the wrong prediction; Middle
layers (16-25): % flip rises sharply in layer 16 and
continues to rise until layer 25. This suggests that
hEng corresponding to the last token in the middle
layers (as early as layer 17) encodes a language-
agnostic representation that is sufficient to steer the
non-English samples towards the gold token; Later
layers (25-32): % flip steadily increases followed
by maximal correction, trivially reaching ≈ 100%
in the last layer (i.e., if hΛEng is patched to hΛIta at the
last token, the model is essentially treating it as an
English sample).

Penultimate Token - Early layers (0-13): % flip
remains low, indicating that hλEng has not yet aggre-
gated the right features necessary to overcome the
Italian failures; Middle layers (14-25): This is
followed by a spike % flip in layer 14 and concur-

rently resulting in the mean logits of gold answer
token surpassing the initial wrong answer in Italian;
Later layers (25-32): Patching hλEng in the later
layers at the penultimate token is not very effective
since the Italian forward pass has already executed
the decision and resists changing its original in-
correct prediction (indicated by the steep drop in
% flip in the later layers). This behavior contrasts
with patching the last token (Figure 6a), where the
% flip steadily increases as we patch in the later lay-
ers, since the last-token representations are directly
associated with the next-token prediction.

Overall, for both token positions, the patched
hλEng in the middle layers resulted in higher mean
logits associated with yc, suggesting that transfer
failures stem from the non-English forward pass
constructing an ‘incorrect’ representation (different
from hλEng) in these layers. While patching hλEng
does not flip all samples, the mean logits of the
gold token surpass the initial wrong answer on
average. This suggests that misalignment in the
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middle layers is primarily responsible for incorrect
predictions for languages other than English.

4.3 What does hλEng encode?

Figure 7 shows the ∆ % flip for Italian TF sam-
ples on Belebele, measuring the % of samples that
flip exclusively under semantically matched patch-
ing relative to controls. We identify a select few
middle layers where the ∆(% Flip) is high, indi-
cating that the cross-lingual semantic information
is causally involved in driving the model’s predic-
tion. For example, in layer 14 of the penultimate
token patching (Figure 7), 41.2% (out of 68.9%
total flips) can be flipped only by patching semanti-
cally equivalent English sample activation. We see
this behavior consistent in other languages as well
(Figure 15). While this confirms that cross-lingual
conceptual alignment in the middle layers mediates
correctness, it calls for future work to disentangle
the effects of conceptual alignment from those of
next-token production in the representations.
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Figure 7: Control patching results - belebele Italian TF
samples.

5 Discussion

Beyond our core analysis, we explore several sec-
ondary results that clarify the nature of cross-
lingual representations. This includes an instance-
level qualitative analysis (§5.1), an investigation
into language-specific trends (§5.2), and an assess-
ment of model entropy (§5.3).

5.1 Qualitative analysis

We illustrate a false positive instance misclassified
by DALI from the XStorycloze Hindi benchmark.
At layer 14, 92.9% of the samples have DALI = 1,
but only 64.9% have DALIst = 1, indicating false
positives of alignment in DALI, but corrected by the
intra-lingual constraint in DALIst.

One such example (DALI = 1; DALIst = 0) is
shown in Figure 8. Patching experiments reveal
that the instance flips only when patching the last-
token activation at layer 30. No correction is ob-
served at earlier layers, indicating that the Hindi
forward pass remains corrupted and is only cor-
rected by a next-token decision signal, rather than
by semantic alignment. This sample was classified
as ‘aligned’ by DALI, but caught by DALIst, illus-
trating how the proposed alignment metrics differ.

Premise: कैरोलाइन, मे-डकल /कूल क1 छा3ा थी. कैरोलाइन 
अ8छे 9ेड पाने के ;लए बहुत कड़ी मेहनत करती थी. एक Bदन 
कैरोलाइन Dकसी टे/ट मG एक Hवॉइंट से फ़ेल हो गई. कैरोलाइन 
को बहुत हताशा हुई, लेDकन उसने कड़ी मेहनत के साथ पढ़ना 
जारS रखा / Caroline was a student in medical school. Caroline 
worked very hard to get good grades. One day Caroline failed a 
test by one point. Caroline was very frustrated but she continued 
to study hard.

Ending 1: लेDकन उसने हार मान लS. / But she gave up.
Ending 2: बाद मG, वह टे/ट मG पास हो गई. / Later, she passed 
the test.

Figure 8: TF Hindi instance in XStorycloze.

5.2 Language-specific trends of alignment
We analyzed the % of samples with alignment = 1
(DALI, DALIst, MEXAT ) across the LLM layers (Fig-
ure 16). We found a consistent pattern: languages
that are typologically closer to English and HR
languages (e.g., Spanish, German) exhibit higher
alignment than languages that are not (e.g., Hindi,
Thai). We also found that cross-lingual alignment
peaks in the middle layers, consistent with prior
works (Kargaran et al., 2025; Wilie et al., 2025;
Liu and Niehues, 2025).

5.3 Entropy of equivalent and control patches
Both semantically matched, and control patches
induce prediction flips in the TF examples (Figure 7
- only some layers have non-zero ∆s). A flip to
a correct answer in a discriminative instance is
binary, and we investigate this further from the
perspective of the entropy of the model’s decision.

entropy = −
∑

t∈T
pt × log(pt) (6)

We observe (Figure 9) that the flips triggered by
semantically equivalent English patches are consis-
tently associated with lower output entropy. This
suggests that semantic alignment not only increases
the likelihood of correction but also stabilizes the
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model’s decision, yielding more confident predic-
tions than control patches that primarily inject a
next-token bias. This analysis highlights an under-
explored area of the effect of cross-lingual align-
ment on confidence calibration.
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Figure 9: Entropy analysis of belebele French samples.

6 Related Work

Multilingual LLMs Multilingual LLMs are de-
signed to process and generate text across multiple
languages. However, the pretraining corpus of most
state-of-the-art LLMs is dominated by English, de-
spite exhibiting reasonable capabilities in other lan-
guages (Ahia et al., 2023). Etxaniz et al. (2023)
provided evidence that multilingual LLMs perform
better in English through ‘self-translate’, where
LLMs were first instructed to translate the other-
language prompts to English and process them in
English. Wendler et al. (2024) extended this by de-
coding middle layer residuals to show that LLMs
place more probability mass on English tokens than
on tokens of the prompted language before transi-
tioning to the target-language vocabulary in the fi-
nal layers – a pattern which is interpreted as reason-
ing in an abstract, language-agnostic concept space
in the middle layers biased toward English rather
than reliance on English as an explicit lexical pivot.
The presence of a language-agnostic concept space
was validated by Dumas et al. (2025) using activa-
tion patching. Multiple concurrent studies provided
evidence for an implicit translation → task-solving
→ translation pipeline underlying improved perfor-
mance in languages other than English, positing
through early decoding that models ‘solve’ the task
by decoding the right English token in the middle
layers but often fail to faithfully translate the re-
sulting ‘gold’ token back into the target language
during final decoding (Bafna et al., 2025; Lu et al.,
2025; Wang et al., 2025a). Li et al. (2025) and Kar-
garan et al. (2025) demonstrated that the representa-

tional similarity between parallel non-English and
English corpora, independent from the task, acts
as a good barometer for multilingual performance.
Our study extends the concept of representational
alignment to the instance level and provides causal
evidence that middle-layer alignment is sufficient
for the reasoning required in MCQA tasks.

Boosting cross-lingual alignment Recent work
has sought to enhance alignment through inter-
ventions, either by incorporating a separate cross-
lingual alignment objective (Liu and Niehues,
2025) or fine-tuning (Li et al., 2024; Zhang et al.,
2023), and has shown that improved alignment
yields gains in downstream multilingual accuracy.
Concurrent works also analyze inference time steer-
ing to improve multilingual performance (Wang
et al., 2025b; Lim et al., 2025; Sundar et al., 2025).
The idea is to steer the other language representa-
tions towards the shared latent space by computing
a steering vector or a projection matrix. Our study
is similar, but instead of steering representations ef-
fectively, we demonstrate how ‘forcing’ alignment
by patching the English activation in the middle
layers helps the model rectify non-English failures.

7 Conclusions

This paper introduces instance-level alignment met-
rics to study LLM performance disparities across
languages in discriminative tasks. We demonstrate
that samples that generalize well between English
and languages other than English (TS) exhibit a
higher degree of alignment than samples that do
not (TF), thereby establishing that cross-lingual
alignment with English at the instance level is cor-
related with task success. To probe the causal
role of alignment, we perform activation patch-
ing experiments on non-English failure instances.
While patching English activations can correct in-
correct non-English predictions, our control ex-
periments help us identify specific middle layers
that flip only with semantically equivalent patches.
Overall, these findings suggest that cross-lingual
semantic alignment in localized middle layers con-
tributes causally to non-English correctness. These
findings motivate future directions such as explor-
ing targeted steering at inference time that lever-
ages the model’s high-fidelity English activations
to enhance performance on languages other than
English, while also studying potential downsides,
including inflated confidence and the erasure of
valuable local, non-English knowledge.
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Limitations

Firstly, the study’s limitations center on its scope,
which is restricted to analyzing discriminative NLU
tasks. This is due to the necessity of multilingual
benchmarks that are parallel across languages. Sec-
ondly, as with most multilingual benchmarks, the
benchmarks considered in the study were initially
constructed in English and translated into other
languages by humans, which could introduce trans-
lation artifacts (Artetxe et al., 2020). Thirdly, our
study analyzes only the bilingual alignment of lan-
guages other than English with English, not be-
tween other languages.
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A Appendix

Based on the below passage and the question, choose the best option. 

P: The modern sport of fencing is played at many levels, from students learning at a 
university to professional and Olympic competition. The sport is primarily played in a duel
format, one fencer dueling another.
Q: According to the passage, how is fencing usually played?
A: In a modern format
B: At the university level
C: At the Olympic level
D: In a duel format

Answer: <Ġ>

(a) Belebele evaluation prompt

Based on the below story, and two options that reflect potential endings to the story, choose 
the correct answer. 

Story: I became a Law and Order fan in 2011. I was recovering from a stroke. When I got 
home, I tried to watch every episode. It was hard trying to binge watch 20 Year's of a show. 

A: I think Law and Order is one of the worst shows ever made. 
B: Eventually I watched them all.  

Answer:<Ġ>

(b) Xstorycloze evaluation prompt

Based on the below premise, and two options that reflect the potential <effect> to the 
premise, choose the correct answer. \n\n

Premise: The girl found a bug in the cereal.
A: She poured milk into the bowl.
B: She lost her appetite.

Answer:<Ġ>

(c) Xcopa evaluation prompt

Figure 10: Evaluation prompts for different benchmarks.
: refers to the penultimate token and Ġ refers to the

last token respectively.
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Model Belebele Xstorycloze Xcopa
Llama3.1 8B,
Llama3.1 8B it

Spanish, Italian, French, German, Thai, Hindi,
Portuguese

English, Spanish, Hindi Italian, Thai

Aya23 8B Modern Standard Arabic, Simplified Chinese,
Traditional Chinese, Czech, Dutch, French, Ger-
man, Greek, Hebrew, Hindi, Indonesian, Ital-
ian, Japanese, Korean, Persian, Polish, Por-
tuguese, Romanian, Russian, Spanish, Turkish,
Ukrainian, Vietnamese

Arabic, Spanish, Hindi,
Indonesian, Russian,
Chinese

Indonesian, Thai, Turk-
ish, Vietnamese, Chi-
nese

Table 3: Models and languages used in the cross-lingual alignment experiments

Spanish Italian French German Thai Portuguese Hindi

Belebele (n=900)

(nTS, nTF) (588, 135) (575,148) (608,115) (586,137) (482, 241) (614, 109) (466,257)
∆DALI(p-val), λmax 7.5% (0.06), 14 5.9% (0.10), 9 5.1% (0.15), 14 6.8% (0.08), 14 3.9% (0.14), 14 0.3% (0.48), 13 8.3% (0.0), 14
∆DALIst(p-val), λmax 2.6% (0.28), 8 6.7% (0.06), 9 6.6% (0.08), 9 4.3% (0.15), 8 1.9% (0.15), 8 -0.8% (0.56), 9 0.4% (0.4), 5
∆MEXAT (p-val), λmax 6.5% (0.08), 12 5% (0.14), 12 11.9% (0.01), 12 14.4% (0), 7 2.5% (0.09), 13 7.2% (0.06), 12 6.8% (0.02), 8

Xstorycloze (n=1511)

(nTS, nTF) (1365, 86) . . . . . (1240, 211)
∆DALI(p-val), λmax 3.8% (0.01), 14 . . . . . 3.3% (0.04), 14
∆DALIst(p-val), λmax 0.0% (0.56), 13 . . . . . 9.5% (0.0), 13
∆MEXAT (p-val), λmax 0.0% (0.60), 7∗ . . . . . 2.0% (0.01), 16

Xcopa (n=500)

(nTS, nTF) . (374,155) . . . (262,94) .
∆DALI(p-val), λmax . 2.1% (0.36), 8 . . . 3.9% (0.25), 16 .
∆DALIst(p-val), λmax . 2.7% (0.28), 13 . . . 3.5% (0.22), 9 .
∆MEXAT (p-val), λmax . 8.5% (0.12), 23 . . . 1.6% (0.30), 24 .

Table 4: ∆ Alignment, p-val, nTS and nTF, and λmax across the three NLU benchmarks in Llama3.1 8B.

fre
nc

h
ge

rm
an

hi
nd

i
ita

lia
n

po
rtu

gu
es

e
sp

an
ish th
ai

0.00

0.05

0.10

0.15

0.20

 a
lig

nm
en

t (
TS

-T
F)

*

*

*

*

*
*

*

*
*

Belebele

hi
nd

i

sp
an

ish

*

*

*

XStoryCloze

ita
lia

n

th
ai

*

XCOPA

DALI
DALI-S
MEXA-T

(a) Llama3.1 8B it

cz
ec

h
du

tc
h

fre
nc

h
ge

rm
an

gr
ee

k
he

br
ew

hi
nd

i
in

do
ne

sia
n

ita
lia

n
ja

pa
ne

se
ko

re
an

m
od

er
n 

st
an

da
rd

 a
ra

bi
c

pe
rs

ia
n

po
lis

h
po

rtu
gu

es
e

ro
m

an
ia

n

sim
pl

ifie
d 

ch
in

es
e

sp
an

ish

tra
di

tio
na

l c
hi

ne
se

tu
rk

ish
vie

tn
am

es
e

0.05

0.00

0.05

0.10

0.15

0.20

 a
lig

nm
en

t (
TS

-T
F)

*

*

* *

*
*

*

*

*
*

*

* *

*

*

**

*
*

*
*

*
*

* * *

Belebele

ar
ab

ic

ch
in

es
e

hi
nd

i

in
do

ne
sia

n

ru
ss

ia
n

* *
* *

*

*

*
*

*

*

XStoryCloze

ch
in

es
e

in
do

ne
sia

n

th
ai

tu
rk

ish

vie
tn

am
es

e

*

*

XCOPA

DALI
DALI-S
MEXA-T

(b) Aya23

Figure 11: ∆ Alignment between TS and TF samples
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Figure 12: Patching results for the belebele benchmark across all languages in Llama 3.1 8B at last token (a) and
penultimate token (b) respectively
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Figure 13: Patching results for the xstorycloze benchmark across all languages in Llama 3.1 8B at last token (a) and
penultimate token (b) respectively
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Figure 14: Patching results for the xcopa benchmark across all languages in Llama 3.1 8B at last token (a) and
penultimate token (b) respectively
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Figure 15: Control patching results for the belebele benchmark
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