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Abstract

Training Large Language Models (LLMs) with
high multilingual coverage is becoming in-
creasingly important—especially when mono-
lingual resources are scarce. Recent studies
have found that LLMs process multilingual in-
puts in shared concept spaces, thought to sup-
port generalization and cross-lingual transfer.
However, these prior studies often do not use
causal methods, lack deeper error analysis or
focus on the final model only, leaving open how
these spaces emerge during training. We inves-
tigate the development of language-agnostic
concept spaces during pretraining of EuroLLM
through the causal interpretability method of
activation patching. We isolate cross-lingual
concept representations, then inject them into
a translation prompt to investigate how con-
sistently translations can be altered, indepen-
dently of the language. We find that shared
concept spaces emerge early and continue to
refine, but that alignment with them is language-
dependent. Furthermore, in contrast to prior
work, our fine-grained manual analysis reveals
that some apparent gains in translation quality
reflect shifts in behavior—Ilike selecting senses
for polysemous words or translating instead
of copying cross-lingual homographs—rather
than improved translation ability. Our findings
offer new insight into the training dynamics of
cross-lingual alignment and the conditions un-
der which causal interpretability methods offer
meaningful insights in multilingual contexts.

1 Introduction

Most Large Language Models (LLMs) are trained
primarily on English, and even targeted multilin-
gual training is typically imbalanced across lan-
guages (Zhao et al., 2024; Liu and Fu, 2024). De-
spite this, LLMs exhibit emergent cross-lingual
alignment, enabling transfer of capabilities to other
languages (Chirkova and Nikoulina, 2024).
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Figure 1: We extend cross-lingual concept patching (Du-
mas et al., 2025) through a systematic application over
pretraining. The first row shows the vanilla translation
of the concept SKIRT from Estonian — French. In the
second, we replace the activation with averaged activa-
tions from Spanish — English and Polish — Russian for
MILL. Though the representation comes from a distinct
set of languages, it can induce MILL in French.

Since data is scarce for many languages (Joshi
et al., 2020; Ranathunga and de Silva, 2022), this
behavior is critical for narrowing the performance
gap between English and other languages and to
develop more inclusive language technologies (Pep-
pin et al., 2025; Li et al., 2024). Understanding how
and when cross-lingual alignment arises is crucial
for determining the necessary factors for training
multilingually performant LMs.

Recent interpretability work has found that mod-
els rely on shared concept! spaces to process mul-

'We use the term “concept” to describe a mental represen-
tation expressed by different words across languages.
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tilingual input (Wendler et al., 2024). To causally
demonstrate the existence of such spaces Dumas
et al. (2025) propose cross-lingual concept patch-
ing (see Fig. 1 for an illustration). In cross-lingual
concept patching, latent vectors are extracted from
a prompt translating one concept (e.g. MILL in
Fig. 1) across one set of language pairs (e.g. Span-
ish — English and Polish — Russian) and artifi-
cially applied during the translation of a different
concept (e.g. SKIRT) across a different language
pair (e.g. Estonian — French). If this patched infer-
ence produces the first concept (MILL) in the new
language (French), this provides causal evidence
for shared concept representations, as language-
specific ones would not be able to change the con-
cept while keeping the output language fixed.

In this work, we re-frame cross-lingual concept
patching as a causal analysis of cross-lingual align-
ment. The key intuition is that two factors are
involved in successfully inducing a concept change
from concept representations averaged across lan-
guages: First, the languages the representations are
drawn from must be aligned with the shared space.
Second, the output language must be aligned with
these representations, even when they stem from
other languages.

However, it is not obvious how shared spaces de-
velop, and how models learn to map them to a par-
ticular output language—a gap we aim to address
in this study. One hypothesis is that models initially
rely on language-specific representations and only
gradually abstract these into a shared space over
time. To test this, we apply cross-lingual concept
patching across intermediate checkpoints during
pretraining. Specifically, our contributions are:

* We introduce a systematic framework for
cross-lingual concept patching: we carefully
curate compatible source and target concept
pairs (Section 2 and Section 4.2) and devise
distinct language settings, including a con-
trol task (Section 4.4). We find that align-
ment with shared spaces depends on train-
ing data proportion.

* We conduct the first fine-grained investigation
into the emergence of shared concept spaces
during multilingual pretraining, studying inter-
mediate checkpoints of EuroLL.M, which pro-
vides a higher granularity of checkpoints than
previously-studied multilingual LLMs (Sec-
tion 5). We find that shared concept spaces
arise early in pretraining.

* We apply cross-lingual concept patching to
the largest and most diverse set of concepts to
date (Section 4.2).

* We provide the first manual analysis of errors
under cross-lingual concept patching (Sec-
tion 5.3), uncovering nuance in its failure
modes, and interpretation of its effect.

We share our implementation to facilitate further
research.’

2 Related Work

Recent mechanistic interpretability work has pro-
posed that multilingual LLMs process input in three
stages: i) mapping from the input language to a
shared concept space, ii) processing conceptual in-
formation, and iii) mapping the result to the output
language (Zhao et al., 2024; Schut et al., 2025;
Wendler et al., 2024; Tezuka and Inoue, 2025;
Zhong et al., 2025).

In a similar vein, several studies have identi-
fied shared components of multilingual LLMs,
largely through neuron analysis (Stanczak et al.,
2022; Chen et al., 2024; Cao et al., 2024; Tang
et al., 2024; Zhang et al., 2025; Wang et al.,
2024b; Kojima et al., 2024), though often not
causally. Recent work highlights the importance of
causal interventions for robust mechanistic claims
(Mueller et al., 2024), a perspective we adopt here.
Methodologically, Dumas et al. (2025) is closest
to our work; they introduce cross-lingual concept
patching, causally demonstrating the existence of
language-agnostic concept spaces. Feucht et al.
(2025) use the same dataset to show that concept
induction heads, used for copying concepts mono-
and cross-lingually, are language-agnostic. Both
works use the same method to demonstrate shared
components at different granularity, but rely on
a dataset of constructed concept pairs via LLM
translation. In contrast, we re-frame the method
to analyze how shared spaces develop. To do so,
we introduce a systematic framework to compare
results across different language settings and pre-
training checkpoints, and propose a novel, care-
fully curated concept dataset extracted from human
translations.

Despite growing evidence of shared spaces in
multilingual models, little is known about how such
spaces emerge throughout pretraining. Progress is

2https://github.com/mainlp/
shared-concept-spaces

3150


https://github.com/mainlp/shared-concept-spaces
https://github.com/mainlp/shared-concept-spaces

hampered by the limited availability of pretraining
checkpoints for state-of-the-art multilingual LLMs.
Until the recent release of Apertus (Herndndez-
Cano et al., 2025), BLOOM (Workshop et al.,
2022) was the only model with publicly available
checkpoints, yet provides only 4-8,% potentially
obscuring finer-grained shifts. Studies of BLOOM
use neuron analysis, probing, and, in some cases,
concept-level analysis (Zeng et al., 2025; Wang
et al., 2024a; Riemenschneider and Frank, 2025).
In contrast, we study 26 pretraining checkpoints
of EuroLLM, and provide additional results for
Apertus 8B and OLMo-2 7B in Appendix A.S.

3 Methodology

We study model outputs under cross-lingual con-
cept patching (Dumas et al., 2025), an activation
patching (Vig et al., 2020) approach. Activation
patching is a mechanistic interpretability method,
whereby activations of a forward pass of a “target”
prompt are overwritten, or “patched”, with activa-
tions from a previous run of a different, “source”,
prompt. The effect of this intervention provides
insight about the role of the patched component
and the patch itself. We describe the variant of
cross-lingual concept patching in the following
subsections, and give more technical details in Ap-
pendix A.1.

3.1 Few-shot Concept Translation

As a testbed for cross-lingual concept patching,
we use the task of few-shot, word-level translation.
The task considers the translation of a concept C
from an input language, ¢, to an output language,
£°"*, We denote a language-agnostic concept with
. Zout .
capital letters, for example C' = MILL. C* " is the
concept expressed as a word in the output language,
for example CF'® =“moulin”.

Each translation is formulated as a prompt in the
format, “/: C*" - gout; ™" where the output
concept is omitted during inference. The prompt
is further prepended with five few-shot examples.
For example, a translation prompt from Spanish to
English for C' = MILL:

Espaiiol: “cultura" - English: “culture”
Espaiol: “sentido" - English: “sense”

Espaiiol: “molino" - English: *

Depending on model size.

3.2 Cross-lingual Concept Patching

To induce a change in translation, we apply a con-
cept patching intervention during inference (see
Fig. 1 for an illustration). First, we compute a
“patch”, an activation for Cg,, the source concept
that should be generated. This activation is ex-
tracted from a few-shot translation prompt in which
Care 1s the intended translation at the position of
the last token of the word to be translated for some
layer 7 and all subsequent ones. Extending our
previous example, Cs;c = MILL, /. = Spanish,
and /2" = English, and we extract the activation
at the last token of “molino”. We repeat this for
several source language pairs, and take the mean
of the activations.

Next, we prompt the model to translate a se-
mantically distinct target concept Cigt across an
entirely different target language pair. E.g., for

Cigt = SKIRT, £{3;= Estonian, and /{3 = French:

Eesti: “korporatsioon" - Francais: “fraternité”
Eesti: “lambatall" - Francais: “agneau”

Eesti: “seelik" - Francais: “

However, during inference of this target prompt,
we artificially apply the averaged concept activa-
tions from the source prompts, at the equivalent
position, and all subsequent layers. The goal of the
intervention is to induce the source concept (MILL)
in the target output language, French, even if the
target prompt aims to translate the target concept
(SKIRT). lL.e., in our example: “Eesti: “seelik" -
Frangais: “moulin”.

Crucially, since the source languages are distinct
from the target languages, and the source concept is
distinct from the target concept, successfully induc-
ing the source concept in the target language hinges
on two representational criteria: First, concept rep-
resentations must be language-agnostic in order for
the mean over representations across languages to
be meaningful. Second, the target output language
must also be aligned with this language-agnostic
space in order for the model to generate the source
concept in the target output language.

4 Experimental Setup
4.1 Model

To investigate the emergence of shared concept
spaces throughout training, and to link them to con-
crete training strategies, we analyze 26 pretraining
checkpoints of the open-weight EuroLLM-1.7B

3151



Category Languages Training Data Proportion
very-high en 50% phase one, 32.5% phase two
high es, fr around 6%

med-high zh between 3—4%

med ru, pl between 2-3%

low et, fi around 1%

unseen but similar  yue -

unseen Sw, cy -

Table 1: Our languages of focus, selected from Multi-
SimLex (Section 4.2) and categorized based on Eu-
roLLM’s training data proportions (Section 4.1).

(Martins et al., 2025, henceforth EuroLLM). Eu-
roLLM is trained primarily on European languages;
we categorize our languages of focus based on their
proportion in EuroLLM’s training data in Table 1.*
The model is of particular interest to our study, as
it offers a high granularity of intermediate check-
points, and is trained in two phases with different
multilingual training data compositions.

Specifically, its training data is composed of web
data, code/math data, high-quality data (Wikipedia,
arXiv, books, medical texts), and parallel data in
two different configurations. In phase one (0-90%
of training; 3.6T tokens), 77% of the data is web,
and parallel data is primarily aligned with respect
to English. In phase two (90%-100% of training;
0.4T tokens), web is reduced to 46.6%, while the
high-quality data ratio is increased and upsampled
from 9% to 34.4%. The amounts of code/math and
parallel data remain similar, however, the parallel
data is drawn from multi-aligned sources beyond
English. As such, it is of particular interest to
investigate how each training phase manifests in
terms of cross-lingual concept alignment.

4.2 Data

To curate our dataset, we leverage Multi-SimLex
(Vuli¢ et al., 2020) as it provides a large, linguisti-
cally informed and diverse concept set in contrast
to prior work, which focused on synthesized “pic-
turable” concepts only (Feucht et al., 2025; Du-
mas et al., 2025). Multi-SimLex consists of 1,888
word pairs rated for lexical similarity, with human
translations in 13 languages. The languages are
typologically diverse, spanning both low- and high-
resourced languages. We focus on the following
11 languages, covering eight languages included
and three excluded from EuroLLM’s training data

“*Cantonese is given a special category, though it is not
included in EuroLLM’s training data, the model translates
it fairly well (Section 5.1). We attribute this to Cantonese’s
similarity to Mandarin.

(Section 4.1): English (en), Mandarin (zh), Welsh
(cy), Estonian (et), Finnish (fi), French (fr), Pol-
ish (pl), Russian (ru), Spanish (es), Swahili (sw),
Cantonese (yue). Multi-SimLex was originally cre-
ated for word-pair similarity judgments, however,
we do not retain the original word pairings. In-
stead, we treat the dataset as a multiway parallel
lexicon, extracting a vocabulary of 2,147 concepts
and their translations. Prior work has shown that
word classes may behave differently—for example,
function words are often language-specific (Schut
et al., 2025). To avoid confounding effects of word
class, and due to the extensive scope of our ex-
periments across languages and checkpoints, we
focus on a single class and follow prior work (Du-
mas et al., 2025; Feucht et al., 2025) in restricting
analysis to nouns.

We greedily select 256 compatible source and
target concept pairs from this pool, where we deem
a pair compatible if there is no word overlap across
all translations for the two concepts, for a total of
398 distinct concepts. For each source concept,
we construct source prompts across all source lan-
guage pairs, and for each target concept we con-
struct target prompts across all target language
pairs. So far, cross-lingual concept patching has
been applied to 200 pairs constructed from a pool
of about 100 concepts (Feucht et al., 2025; Dumas
et al., 2025).

4.3 Evaluation

Activation patching evaluations typically measure
the increase in next-token probability for the ex-
pected first token (Heimersheim and Nanda, 2024).
However, as our results in the word-level transla-
tion experiments in Section 5.1 reveal, this metric
is poorly suited for our task, where there are of-
ten multiple valid next-token sequences for a given
concept. Unlike prior work, we do not expand the
dataset with synonyms for evaluation, as we favor
a precise fine-grained analysis, while covering a
more diverse set of concepts and study of lower-
resourced languages (see Appendix A.2). Finally,
relying on the proxy of first-token probability may
mask errors where the first-token appears correct,
but the model outputs the wrong prediction. For
example, consider “organ” and “organizer”, which
may share a first token, but are semantically dis-
tinct. To address these limitations, we evaluate
the model on full token sequences and measure
word-level translation accuracy.

In particular, given NNV test samples, y; the source
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Figure 2: Mean word-level translation accuracy over checkpoints for source prompts used for patching, grouped by
a selection of output languages. The red dotted line indicates the start of phase two of EuroLLM’s training.

concept expressed in the rarget output language,
and g, the model prediction, we define mean word-
level translation accuracy as:

1 N
Acc = — S 1{g; = yi).
ce N;:l {9 = vi}

This approach directly assesses whether patching
meaningfully alters the translation, and further-
more, avoids cases where the first token appears
correct but the final prediction is wrong. Finally,
we conduct a multilingual manual evaluation (Sec-
tion 5.3) to gain a deeper understanding of concept
translation performance.

4.4 Language Settings

We use all languages in Table 1 except cy and yue
as target input languages, treating sw as representa-
tive for unseen languages. We fix the target output
languages to en, ru, and zh, covering three typo-
logically distinct languages with diverse scripts.

For each target language pair (ﬁitgt, o), we de-
fine three sets of source language pairs used for
patching: seen, en_en and tgt. seen is made up
of languages in EuroLL.M’s training data, exclud-
ing en and the languages in the target pair. For
example, for target pair fr—en, seen includes all
ordered pairs of es, zh, pl, ru, et, fi, yue, for 42
total source language pairs.

en_en is a copying task, formulated in the same
way as the translation task, except that both the in-
put and output language are en. We include this as
a control task and a strong baseline, reasoning that
the en_en representations will be well-defined as
English dominates EuroLLM’s training data. tgt
is an ablation, where only the source and target con-
cepts differ, and the source language pair matches

the target language pair. Both en_en and tgt con-
sist of only a single language pair, hence, there are
no concept-aligned representations to average over.
Given msimlex as the set of selected languages
(Section 4.2), seen, en_en and tgt are defined:

ellm = msimlex \ {sw, cy}
seen = {({1,02) | {1 # Lo,
0,05 € ellm\ {E}:‘ét, Cost > en}}
en_en = {(en, en)}

tgt = {(i, (o)}

As a baseline, we evaluate the unpatched trans-
lation of the source concept for the target language
pair. Le., if we aim to induce the source concept
MILL for the target language pair et—fr through
cross-lingual patching, we compare this to the
vanilla translation of MILL for et—fr. We denote
this as src_unpatched. Please see Appendix A.3
for example prompts to illustrate these settings.

5 Results

5.1 Word-Level Translation

We first evaluate EuroLLM’s checkpoints on the
unpatched word-level translation task to confirm
our assumptions about the relationship between
training data proportion (Table 1) and translation
performance. Unsurprisingly, we find that trans-
lation accuracy (see Fig. 2 for a selection of lan-
guages, Fig. 9 in the App. for all) correlates with
training data proportion. The model largely fails to
translate words where the input or the output lan-
guage is unseen, namely, cy and sw. The exception
is yue, which is well-translated, in particular to or
from zh, likely due to its similarity to zh.
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Figure 3: Mean word-level translation accuracy over checkpoints under different patching settings for a selection of
target language pairs. We overlay en—xx, where xx is zh or ru on es-zh, and fi-ru, zh-ru, respectively. The red

dotted line indicates the start of phase two of EuroLLM’s

We interestingly observe that translation accu-
racy improves in the second phase of training, in
particular for lower-resourced languages, such as
pl, ru, fi, and et. We hypothesize that the mul-
tiway parallel data introduced in this phase helps
align these languages, improving translation qual-
ity (Shen et al., 2025; Lin et al., 2025).

The en_en curve shows that the model quickly
becomes proficient at copying input words—by the
second checkpoint words are consistently copied.
In fact, the model appears to prefer copying over
translating in the early stages, even for the trans-
lation task (i.e., when processing the prompts for
language pairs other than en_en). This behavior is
in line with recent work suggesting that copying is
learned before other tasks (Feucht et al., 2025).

Manual Analysis of Unpatched fr-en Using
fr—en as a case study, we inspect the translations
and find that many apparent errors can be attributed
to dataset artifacts or model behavior. In particular,
our analysis sheds light on the model’s copying be-
havior. In some cases, these are loanwords, hence,
the translation could be considered correct. E.g.,
when translating “balustrade”, where the expected
translation is “rail”, the model consistently outputs
“balustrade”. However, cross-lingual homographs
are also copied, resulting in an incorrect translation.
For example, the model copies both “course” (ex-
pected: “racing”), and “coin” (expected: “corner”).

training. We show 95% CI over 256 samples.

Similarly, the results are confounded by polyse-
mous words, which are also not captured by the
translation dataset. For example, the model trans-
lates “femme” (expected: “wife”) to “woman”,
or “pécheur” (expected: “sinner”) to “fisherman”.
These factors motivate the manual analysis of er-
rors under the seen patching setting (Section 5.3),
to distinguish actual errors from reasonable outputs
which are not captured by the automatic evaluation.

5.2 Cross-lingual Concept Patching

Patching from seen results in comparable or bet-
ter accuracy than the unpatched translation across
checkpoints for most target language pairs (Fig. 4),
providing strong evidence that language-agnostic
spaces arise early in pretraining.

Effect of Source Language Pair Groups en_en
is initially the strongest patching setting across all
target language pairs with en as the output lan-
guage (Fig. 3, see App. Fig. 10, Fig. 11, Fig. 12
for full results for en, zh, ru, respectively). This
aligns with our expectation that en_en provides
well-aligned concept representations and the model
is proficient at mapping these to en output. How-
ever, seen does not lag far behind. For target lan-
guage pairs with zh or ru as the target output lan-
guage, en_en is consistently on par with or worse
than seen. This is surprising, as we expect both
zh and ru to be well-aligned with en. In fact, un-
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Figure 4: Net improvement (in percentage points,
capped at £35pp) of seen over unpatched translation ac-
curacy. Each row shows a target language pair, grouped
by input and ordered by output language; each column
one checkpoint. The red dotted line indicates the start
of phase two of EuroLLM’s training.

patched en—ru and en-zh are an upper bound for
the patched translation accuracy for target output
ru and zh respectively. Overall, the similar be-
havior under the en_en and seen settings across
checkpoints suggests that language-specific con-
cept spaces do not strongly precede the emergence
of shared spaces.

As an additional observation, accuracy under our
ablation setting, tgt, is comparable to or lower than
the unpatched translation, particularly for lower-
resourced languages. Thus, when source and target
language pairs are identical, patching results in
a lower accuracy for the induced source concept,
suggesting that information from the forward pass
of the target prompt is not entirely overwritten.

Effect of Target Language Pair Under patching,
the input language has much less of an effect on
performance than in the unpatched setting. This
aligns with recent work on multilingual processing,
which suggests that models map from the input lan-
guage to a shared space before mapping back to the
output language (Wendler et al., 2024; Zhao et al.,
2024). Since we patch at intermediate layers, the
model’s ability to map input from each language
to the shared concept space becomes less impor-

tant. Nevertheless, the input language does play a
role. This is most visible for the target pair sw—en,
where accuracy fluctuates significantly more than
for other language pairs. Fig. 4 shows the impact
of the target output language; the lower-resourced
output language ru sees less gains from patching
than zh, which, in turn, sees less gains than en. We
hypothesize this reflects how well each output lan-
guage is aligned with shared spaces, in accordance
with theory on multilingual processing.

Concept-Specific Effects Since more frequent
words have been found to be better aligned across
languages (Peng and Sggaard, 2024), we analyze
the effect of frequency on translation behavior un-
der patching. We focus on the target output lan-
guage en; assuming that frequency estimates de-
rived from English fastText embeddings (Grave
et al., 2018)° provide a better approximation of
EuroLLM’s token frequency distribution than anal-
ogous estimates for ru or zh, which are less repre-
sented in the pretraining corpus.

Under the seen setting, the model outputs the tar-
get word more often than a synonym for more fre-
quent target words. This likely reflects the relative
frequency of the synonym to the target word, and
appears to hold for the unpatched setting, though
less clearly. The most frequent words are mostly
translated correctly early on, and only occasion-
ally regress. For less frequent targets, the patched
translation is more often incorrect, with some al-
most never translated correctly. The relationship
between frequency and translation quality is far
less pronounced for the unpatched case. These ob-
servations hold across target language pairs with
output language of en (see Fig. 13 in the App. for
categorical maps for es—en, fr—en, zh—en, ru-en).

Notably, for fr and es patching yields more
incorrect translations for the least frequent con-
cepts compared to unpatched. We attribute this to
stronger unpatched translation for higher-resourced
languages and poorly-aligned representations for
rare concepts, making patching less effective.

5.3 Manual Error Analysis of seen Setting

To better understand the quality and evolution of
the shared concept representations, and how the
model fails to map them to the expected output, we
conduct a novel error analysis. Specifically, outputs
under seen are annotated by native speakers using
the labels we propose in Table 2. Due to resource

3ce.en.300.bin
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Figure 5: Area grid of label distribution for outputs under the seen patching setting for a selection of languages.
For ru we show only the 111 concepts for which outputs that were labeled; en and zh were labeled in full. The
black dotted line indicates the start of phase two of EuroLLM’s training.

Label Description Example

T exact match (automatic) poverty — poverty

TS synonym outlander — foreigner

FS differ in one aspect of grammar outlander — foreigners
toaTorTS actor — actress

FHE hypernym relative to target liquor — drink

FHO hyponym relative to target insect — honeybee

FR co-hyponym to target skirt — dress

FU untranslated culture — cultura
FC conceptually similar to target archer — arrow

F wrong aunt — sheep

Table 2: Label definitions for manual error analysis.
Labels are mutually exclusive, and ordered by priority,
i.e. FS overrides FC; F only applies if no other labels do
(see 6 in the App. ) T and TS are considered correct.

constraints, we annotate a subset of outputs for ru,
corresponding to 111 concepts (see Appendix A.4
for more information on annotation). Results are
provided in Fig. 5.

We consider the categories F* (excluding F) “par-
tially” correct. For all language settings, outputs
are more often partially correct than fully wrong,
and the proportion of F stays mostly stable, or de-
creases. This is evidence that the averaged concept
representations already encode conceptual and syn-
tactic information prior to inducing the desired con-
cept, and that they are refined throughout training.

We do not observe language-specific patterns on
the target input side. However, the distribution of
categories is dependent on the output language, e.g.
FS makes up a larger proportion of the errors for

ru, which likely reflects its complex morphology.

In general, FHO is less common than FHE, align-
ing with our intuition that poorly-aligned concept
spaces are more likely to be mapped to general
terms. We also note that FR is a relatively large
class, which may reflect the language model train-
ing objective, i.e., the model learns that a word
plays a particular syntactic role.

Interestingly, for all target language pairs, in
phase two the proportion of T increases more than
TS (which remains stable), suggesting increased
cross-lingual alignment through parallel data, re-
sulting in more specific representations that induce
the target word rather than a synonym.

Linking back to errors seen in Section 5.1, we
find that patching shifts sense selection for polyse-
mous words. For example, for fr—en ‘avocat’ may
be translated to ‘attorney‘ (expected) or ‘avocado’.
Under seen patching, the model output is shifted
from ‘avocado’ to ‘attorney’. For es-en, ‘mafana’
is translated to ‘morning’ in the unpatched case and
‘tomorrow’ under patching. Since we average over
representations for many language pairs, polysemy
for particular pairs is lost, leading to a selection
of the dominant shared sense. Similarly, patching
discourages the model from copying cross-lingual
homographs. For example, for fr—en, the model
copies ‘tour’ in the unpatched case, whereas under
patching, the model outputs the expected ‘tower’.
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6 Conclusion

We present the first fine-grained investigation into
the emergence of shared concept spaces during mul-
tilingual pretraining, showing that shared concept
spaces emerge early and remain relatively stable
throughout training. Our novel dataset and error
analysis reveals that intermediate concept repre-
sentations encode meaningful semantic informa-
tion even before they can be mapped to specific
concepts, suggesting that these spaces are progres-
sively refined during training. Comparing across
language settings, we observe that alignment with
concept spaces depends on language similarity and
training data composition.

These findings have important implications for
multilingual language model training, in particular
in low-resource settings. Since language-agnostic
concept spaces emerge early and are relatively sta-
ble, multilingual training can focus on aligning
languages to these spaces. Notably, our results in-
dicate that relatively small amounts of high-quality,
multi-aligned data improve alignment compared
to en-only pivot data (phase one vs. phase two in
EuroLLM). This suggests a promising path for clos-
ing the performance gap between high- and low-
resource languages: improving alignment with con-
cept spaces through targeted, multi-aligned data.
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Limitations

In this work, we conduct a novel fine-grained inves-
tigation into how language-agnostic spaces emerge
throughout multilingual LLM training. We mainly
focus on only a single, relatively small (1.7B)
model, yet provide additional supporting evidence
on OLMo-2 7B and Apertus 8B (Appendix A.5).
This choice is due to the limited availability of
multilingual pretraining checkpoints at the time of
writing. As noted in Section 2, BLOOM (Work-
shop et al., 2022) was, until the recent release of
Apertus (Herndndez-Cano et al., 2025), the only

other state-of-the-art multilingual LM for which
checkpoints are available, and offers only a very
coarse granularity (4—8 checkpoints vs. our 26).
We repeat experiments for target language pairs
xx—en for pretraining checkpoints of Apertus 8B
and OLMo-2 7B (Walsh et al., 2025), a model
trained on English data, with inadvertent multilin-
gual ability, in Appendix A.5. These experiments
suggest that our findings may hold for other mul-
tilingual models. However, further research, and
in particular transparent and open multilingual pre-
training is needed to understand the generalizability
of our findings and the impact of model size and
pretraining strategies on the development of shared
concept spaces.

Furthermore, though we study a larger and more
diverse set of concepts than previous work, we
focus only on nouns. Further work is needed to un-
derstand how representations for other word classes
behave and whether our findings apply.

Since we use Multi-SimLex as the pool for our
concepts and their translations, we inherit its biases.
In particular, the expected translation for a partic-
ular word may be misleading. For example, as
discussed in Section 5.1, the translation for “wife”
in French in the dataset is “femme”, but this word
also means “woman”’. However, we introduce a
manual error analysis (Section 5.3), capturing such
biases. Because we also study lower-resourced
languages, this analysis strengthens the evaluation
compared to previous studies, which either relied
on automatic machine translation (Wendler et al.,
2024) or linguistic resources (Dumas et al., 2025)
to evaluate output. Such tools are often less reliable
for lower-resourced languages (Peppin et al., 2025).
Our approach therefore improves the evaluation
methodology itself, allowing for a more equitable
treatment of lower-resourced languages.

Finally, we focus only on the task of word-
level translation. This is a fairly simple task, and
language-agnostic spaces may form and behave dif-
ferently for more complex tasks like sentence-level
translation, open-ended generation, or reasoning.
The focus on word-level translation is motivated by
two factors. First, activation patching relies on a
simple, controlled task (see discussion of confound-
ing “degrees of freedom” in Heimersheim and
Nanda, 2024). Second, we study pretraining check-
points, specifically without any instruction tuning,
which should improve the model’s ability to follow
more complex task instructions (Wei et al., 2022).
Therefore, focusing on this simple task reduces the
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confounding factor of whether the model can per-
form the task. This is confirmed by our preliminary
experiments in Section 5.1, which show that even
early checkpoints can follow the task, in particular
for high-resourced language pairs. We leave inves-
tigation of how language-agnostic spaces used for
more complex multilingual tasks emerge and be-
have throughout multilingual pretraining to future
work.

Ethical Considerations

We acknowledge the use of ChatGPT for paraphras-
ing and lexical suggestions, with output checked
carefully to avoid changes in meaning. In addition,
ChatGPT and Github Copilot provided coding as-
sistance.
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A Appendix

A.1 Technical Details

We build on the implementation of concept patch-
ing published by Dumas et al., 2025°. Specifi-
cally, we modify the prompt construction to pro-
duce concept-aligned prompts for both source and
target prompt sets across all tested language pairs.
We also adapt it to prevent overlap between few-
shot examples on the source and target side. Fur-
thermore, we update it to use nnsight 0.5.5” in order
to enable multi-token generation under patching.

We generate five next tokens, and parse output
up to the first generated quotation mark. If an ini-
tial substring matched the target or a synonym, we
count this as correct, to avoid penalizing overly
long continuations (for example: “absence of de-
sire”, when the expected word is “absence”).

Please refer to the implementation at https://
github.com/mainlp/shared-concept-spaces
for more information.

Choice of Layer Dumas et al., 2025 find that the
choice of layer to patch from doesn’t significantly
affect whether patching can induce the source con-
cept, so long as it is not one of the later layers.
We conduct initial experiments for target language
pairs xx—en to confirm this, and find that we can
patch up to about layer 14, after which the con-
cept can no longer be reliably induced. Table 3
shows the Pearson correlation coefficient between
the tested layers (6, 8,9, 11, 12, 14, 16) and layer
10 computed over the full delta accuracy curves for
seen over unpatched across checkpoints. A high
correlation (>0.9) indicates that the trajectory of
the patching effect over checkpoints is consistent
between layers.

®https://github.com/Butanium/
11lm-lang-agnostic
"https://nnsight.net
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tgtpair L6 L8 L9 L11 L12 L14 L16

es—en 093 096 097 097 095 092 0.08
fr-en 097 099 099 099 098 095 -0.06
zh-en 093 095 098 0.99 097 0.93 0.00
pl-en 095 098 098 099 097 094 0.63
ru—en 099 099 1.00 1.00 099 097 0.74
et-en 099 0.99 099 1.00 099 097 0.67
fi-en 099 1.00 1.00 1.00 1.00 0.99 0.68
sw-en 099 1.00 1.00 1.00 1.00 1.00 0.91

Table 3: Pearson correlation of the difference in transla-
tion accuracy curves (seen vs. unpatched) over check-
points between each tested layer and layer 10, for target
language pairs xx—en. A high correlation (>0.9) indi-
cates a consistent trend between checkpoints.

A.2 Synonym Expansion

We attempt to follow prior work in expanding our
translation dataset with synonyms from BabelNet
(Navigli and Ponzetto, 2010), which would capture
more correct translations of a particular concept.
However, we find the resulting expansions to be
overly generous, even after filtering by quality tags
(as provided by BabelNet) and for nouns. This is
likely partially due to the nature of our concept
set, which includes abstract and infrequent terms
(e.g., “afterworld”, “acetylcholine”). For example,
“acid” is expanded to many different street names
for the drug “LSD”. Such expansions are difficult
to filter out automatically, especially considering
our treatment of low-resourced languages, such
as Welsh and Swahili. For such languages, lin-
guistic resources and tools are typically of lesser
quality (Peppin et al., 2025). Furthermore, too gen-
erous expansions across 11 tested languages results
in very few compatible source and target concept
pairs where a compatible pair has no overlapping
words across all languages. Therefore, we instead
adapt our evaluation as described in Section 5.3,
manually inspecting model outputs to gain a more
accurate understanding of the effect induced by
cross-lingual concept patching.
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A.3 Example Prompts

Here, we provide some example prompts for the
different settings. For target language pair fr—en,
a full target prompt for the target concept “triumph”
is shown below.

Francais: “aolit” - English: “august”
Frangais: “animal” - English: “animal”
Francais: “critique” - English: “criticism”
Frangais: “base” - English: “base”
Frangais: “cage” - English: “cage”
Francais: “triomphe” - English: “

In the following sections, we show examples of
source prompts for the source concept “curtain” in
different settings, given this target prompt.

unpatched Setting As a baseline, we run infer-
ence on the target prompt without any intervention.
This prompt is exactly the same as the one used in
tgt setting, the difference is that here, the prompt
is run without intervention.

Frangais: “pollution” - English: “pollution”
Francais: “dépression” - English: “depres-
sion”

Francais: “structure” - English: “structure”
Francais: “action” - English: “action”
Francais: “os” - English: “bone”

Francais: “rideau” - English: “

tgt Setting Source Prompts In this ablation set-
ting, the source and target language pairs are the
same, the prompts differ only in the few-shot ex-
amples and the concept to be translated.

Frangais: “pollution” - English: “pollution”
Francais: “dépression” - English: “depres-
sion”

Frangais: “structure” - English: “structure”
Francais: “action” - English: “action”
Francais: “os” - English: “bone”

Francais: “rideau” - English: “

en_en Setting Source Prompts In this control
setting, the model must copy the English word,
rather than translate it.

English: “pollution” - English: “pollution”
English: “depression” - English: “depression”
English: “structure” - English: “structure”
English: “action” - English: “action”
English: “bone” - English: “bone”

English: “curtain” - English: *

seen Setting Source Prompts The language
pairs in seen are in EuroLLM’s training data,
excluding en and the languages in the target pair.
For this example, seen includes all ordered pairs
of es, zh, pl, ru, et, fi, yue, for 42 total source
language pairs. Below, we show a few sample
prompts.

Suomi: “saastuminen” -  Polski:
“zanieczyszczenie”

Suomi: “masennus” - Polski: “depresja”
Suomi: “rakenne” - Polski: “struktura”
Suomi: “toiminta” - Polski: “akcja”

Suomi: “luu” - Polski: “kos¢”

Suomi: “verho” - Polski: “

Polski: “zanieczyszczenie” - Espaifiol: “con-
taminacién”

Polski: “depresja” - Espafiol: “depresion”
Polski: “struktura” - Espafiol: “estructura”
Polski: “akcja” - Espafiol: “accién”

Polski: “kos$¢” - Espafiol: “hueso”

Polski: “zastona” - Espafiol: “

Pycckuit: “sarpsiauenne” - Suomi: “saastu-
minen”

Pycckuit: “nenpeccust” - Suomi: “masennus”
Pycckunii: “ctpykTypa’ - Suomi: “rakenne”
Pycckuit: “neiictBue” - Suomi: “toiminta”
Pyccknii: “kocts” - Suomi: “luu”

Pyccknii: “3anaBecka” - Suomi:

A.4 Manual Annotation

The in-house annotators (one per output language)
are native speakers of the respective languages. All
three annotators label a small subset of the English
outputs (120 examples total). We exclude T from
this set as it is automatically tagged, and stratify
over the remaining classes, except for F. F is the
majority class and typically most straightforward to
tag, as many outputs, in particular in the very early
stages of training (first two steps), are gibberish,
or immediately recognizable as unrelated. There-
fore, we down-sample F to 20/120. We compute a
Fleiss’ Kappa of 0.63 between the three annotators,
indicating good annotator agreement. Fig. 6 shows
the decision tree used by annotators. FP is used to
indicate a parsing failure, where the model failed to
output a prediction in the expected format (ending
in a quotation mark).
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Is the word a valid
translation in another
language?

Is the word in the
tarﬁet language (i.e.

English, Mandarin, or
Russian?) You do not need to consult
other resources.

no/don’t kn

Is the word

related?

Is the word
a nym? le., can it

replace the target word in almost all

sentences without c,hanging the

YYou may reference a thesaurus, but
se your judgment to

reject loose
synonyms.

Is the word
almost a synonym but
off in only one dimension,
such as word form or class?

Often, these share a stem, but
do not have to.

Is the word a hypernym of
the target word? l.e., isita

yes
more general term?

no

s the word ? hypony;
the target word? le,, is it

specific term?

no

Is the word a
co-hyponym? lL.e. does it
share the same category
as the target word?

If unsure, can it replace
the target word in many sentences?

no

Figure 6: The decision tree used to annotate errors as described in Section 5.3. T is not included, as this was tagged
automatically.
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A.5 Results for Other Models

We repeat experiments for target language pairs
xx—en for Apertus 8B (Hernandez-Cano et al.,
2025), and OLMo-2 7B (Walsh et al., 2025) (hence-
forth simply Apertus and OLMo-2, respectively).
Apertus is a recently released multilingual model,
including 1,811 languages in its pretraining data.
OLMo-2 was trained on Dolma, an English corpus
(Soldaini et al., 2024), hence, we do not list it in
our discussion of available pretraining checkpoints
in Section 2. Despite this, OLMo-2 is known to
have some multilingual capabilities (cf. Lee et al.,
2025), likely due to the “accidental” inclusion of
multilingual data in its pretraining corpus (Blevins
and Zettlemoyer, 2022). For consistency with the
main results, we patch from layer 10 for these mod-
els, even though they are deeper, i.e. have more
layers. Since we patch all subsequent layers as
well, patching earlier for the deeper models is a
conservative choice; we see in preliminary experi-
ments in Appendix A.1 that trends are fairly robust
to layer choice.

For both models, we see evidence of a shared
concept space, as seen in the successful transla-
tion under the seen setting (see Fig. 7 for OLMo-
2, and Fig. 8 for Apertus). This is more surpris-
ing for OLMo-2, which is trained on English data.
However, we do see this English-centric training
reflected in the en_en performance, which is gen-
erally stronger than that under seen setting, es-
pecially in the beginning of training. This is in
contrast to EuroLL.M and Apertus, where the differ-
ence in en_en and seen is much less pronounced.

Though we commend the rare release of multi-
lingual pretraining checkpoints by the developers
of Apertus, the first available checkpoint is already
at 210B tokens consumed (compared to roughly
48B at the first checkpoint of EuroLLM, and 1B
at the first checkpoint of OLMo-2). This low gran-
ularity of early checkpoints appears to mask the
development of shared concept spaces —at the first
checkpoint cross-lingual concept patching is suc-
cessful, and does not improve much during training.
However, the unpatched translation also does not
improve much over checkpoints (with the excep-
tion of en, fi, sw, which are presumably lower-
resourced), indicating that the model has already
learned to translate our concepts by the first check-
point. For OLMo-2, there is an increase in transla-
tion accuracy under seen over training checkpoints,
suggesting that cross-lingual alignment increases

over training. We hypothesize that this reflects the
small amounts of multilingual data in OLMo-2’s
pretraining data, such that alignment may occur
much later, as multilingual data is consumed by
chance.

Overall, these results suggest that our main find-
ing applies to other models: shared spaces develop
early, in particular for models trained with multi-
lingual data. Furthermore, multilingual pretraining
data appears to drive development of this space,
such that patching from seen is more successful
for Apertus and EuroLLM than it is for OLMo-2,
where the latter is trained on much fewer multilin-
gual data.

3164



es-en

fr-en

et-en

fi-en

0.6

Accuracy
o
S

0.0 wrrrrrrrrr T

pl-en
1.0

sw-en

T T T T T T T

zh-en

T T T T T T T T T T T

T T T T T T T T T T T

ru-en

Accuracy
o o
(o)) [e2]

N
IS
.

o
N
N

o
o

Ds

Steps (103)

—— src_unpatched

—— en_en

297
358
418
478
539
599
661
722
782

842

902

Steps (103)

Figure 7: Mean word-level translation accuracy over checkpoints of OLMo-2 7B under patching for target output
language en. We show 95% CI over 256 samples.

=
o
;!

et-en

o
o
N

Accuracy
° o
=y o

o
N
N

o
o

T T T T T

T T

pl-en

sw-en

T T T T T

T T T T T

ru-en

>
o
@©
e
>
S04
Lo
0.2 H H H
0.0t — A — e ——— — A — -
o000 O0 O < o o O O0O0O0OO0 O < o o O O0O0O0OO0 O < o o O O0O0O0O0 O < o o o
n nown n o n o O NOonNown n o n o O Nonown n o n o O Nonown n (o)} n o o
MO — ~N O n NMNY 0 — ~ O n aNMNYO 0 — ~N O n aNMINYO — ~N O n
- ~ N o~ - — N o~ — ~ N o~ — — N o~
Steps (103) Steps (103) Steps (103) Steps (103)
—— src_unpatched —— en_en —— seen —_—

Figure 8: Mean word-level translation accuracy over checkpoints of Apertus 8B under patching for target output
language en. We show 95% CI over 256 samples.

3165



XX-en XX-€s xx-fr xx-zh
1.0 f H
0.8 1 H f
>
o N~
© 0.6 1 ﬁ b1
3 A
0 0.4 i~ " |
P / - L
0.2 1 H H
0.0 b e e e e
xx-pl XX-ru
1.0 H H
0.8 H f
>
0.6 1 1
@ 0.
5 L
3 0.4 A
< »;"
0.2 1 i
0.0 b el e e e i
XX-yue XX-CYy XX-SW
1.0 H H
0.8 H H
>
[}
© 0.6 1 H H
3
O 0.4+ H H
<
0.2 1 H H
0.0 5+ T T T s e e e T T AALALLEARE S S n e T T aai
< TOoOON ONOTO o o oo FOoOON VNSO o o oo FToON ONOTO o o oo
NSNS AN © o < 0 O NN AN © o < w0 O NN AN O o < 0
e o~ o~ o N e o~ o~ o~ N e o o~ oo
Steps (103) Steps (103) Steps (103)
Input Languages
B cy W en Bl es B et B Afi mm fr B pl s ru sw BN yue zh

Figure 9: Mean word-level translation accuracy over checkpoints for source prompts used for patching, grouped by
output language for all language pairs. The red dotted line indicates the start of phase two of EuroLLM’s training.

es-en fr-en et-en fi-en
> =% ~ — — dﬂ,, w *
9 a, poune f
3 ’4‘4
[9)
Q H H o = H —
<
/
sw-en zh-en ru-en
o A s
8 0.6 ‘ S R ™
e 0. ﬁ (Pah A £ ™
=] 14 = —
|9)
Q H H H
<
0.0 B e ——— 4 LK L
T TOON ONOSTO o o oo TOON ONOTO o o oo <TOON ONOTO o o oo <TOWON ONOTO o o oo
NSNS OHNS O o < 0 o NSNS AN O o < W NN NSO o < 0 NSNS NSO o < 0 O
e o~ o~ NN e o~ o~ o N alalalel o~ o~ NN e o~ o~ NN

Steps (103) Steps (103)

—— src_unpatched

Steps (103)

—— en_en —— seen —— tgt

Figure 10: Mean word-level translation accuracy over checkpoints under patching for target output language en.
The red dotted line indicates the start of phase two of EuroLLM’s training. We show 95% CI over 256 samples.

3166



es-zh fr-zh et-zh fi-zh

1.0 H H H
0.8 1 H H H
3
@ 0.61 | A oA M
: ey : —
[v] < = — _
C 0.4 H Z I ! foud
< = et
0.2 H 1 = H wid
O T R R e
pl-zh sw-zh en-zh ru-zh
1.0 H I I 7
!
1
!
0.8 1 H H H :
> ]
O !
© 0.6 1 H H - H ;
5 f* :ﬁ 4 N
o S — Z e~
Q 0.4 H H I A - i
< 1
! ! !
0.21 s H Lo :
0.0 T T T LRSS e e e 4 T LLLLLLE B e s T T T T T Thrrr
T TOoOON ONOTO o o oo TOON ONOTO o o oo TOON ONOTO o o oo TOON ONOTO o o oo
NSNS NSO o < 0 O NSNS AN © o < w0 O NSNS NSO o < 0 NN OHNT O o < 0
e o~ o~ NN e o~ o~ NN e o~ o~ NN e o~ o~ NN

Steps (103) Steps (103) Steps (103) Steps (103)

—— src_unpatched —— en_en —— seen —— tgt

Figure 11: Mean word-level translation accuracy over checkpoints under patching for target output language zh.
The red dotted line indicates the start of phase two of EuroLLM’s training. We show 95% CI over 256 samples.

es-ru fr-ru et-ru fi-ru
1.0 8 H Y
i
!
!
0.81 H H E 1
> |
= 1
© 0.6 H H Pon
3 o 1
o] > - _ g
Q04 po /: ~H = —_— H P — ﬂ/’:
y 2 - — Vl
0.2 H H o —)
i
1
0.0 Mot M ettt A Ayt APttt
pl-ru SW-ru en-ru zh-ru
1.0 I I I
0.8 i I I
o
© 0.6 1 I M I
g o]
O 0.4 o = H H . H
4 758 -~
0.2 I I I = !
]
]
]
0.0 Wi rer——————— L
T TOON ONOTO o o oo TOON ONOTO o o OO < FTOOVN OANOTO o o oo <TOON ONOTO o o oo
NSNS AN O o < 0 O NSNS AN O o < w0 NSNS NSO o < 0 NN OHNT O o < 0 O
e o~ o~ NN e o~ o~ o AN e o~ o~ NN e o~ o~ NN
Steps (103) Steps (103) Steps (103) Steps (103)

—— src_unpatched —— en_en —— seen —— tgt

Figure 12: Mean word-level translation accuracy over checkpoints under patching for target output language ru.
The red dotted line indicates the start of phase two of EuroLLM’s training. We show 95% CI over 256 samples.

3167



es-en fr-en zh-en ru-en

will

code
vehicle
animal
sheet
scheme
disk
scholarship
tunnel
bargain
verdict
carriage
sculptor
diode
colt
sonnet
afterworld
will

code
vehicle
animal
sheet
scheme
disk
scholarship
tunnel
bargain
verdict
carriage
sculptor
diode
colt
sonnet
afterworld

Checkpoints Checkpoints Checkpoints Checkpoints

unpatched

seen

Il Equal to input Il Equal to target I Wrong [ In synonyms

Figure 13: Translation categorical maps under the unpatched and seen setting for es—en, fr-en, zh-en, ru-en
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