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Abstract

Language similarity is a central concept in mul-
tilingual NLP. Prior work typically infers simi-
larity from the static geometry of representation
spaces, and the results often depend on model
architecture, training data, and probing meth-
ods. In this work, we propose transition-based
language similarity (TBLS), a new measure
that characterizes language similarity through
cross-lingual transition. The key intuition is
that if two languages occupy nearby regions in
a model’s representation space, model outputs
are more likely to transition between them un-
der small local variations. By aggregating such
transition behavior across languages, TBLS can
be derived, reflecting language proximity en-
coded by the model.

We operationalize this idea by perturbing model
activations and measuring the resulting cross-
lingual transition behavior. Across five multi-
lingual language models and two corpora cover-
ing 44 languages, TBLS exhibits strong cross-
model and cross-corpus consistency. Further
analyses show that TBLS captures meaningful
linguistic regularities and transfer-related struc-
ture, while activation perturbation provides be-
havioral evidence consistent with the hypothe-
sis that semantically aligned multilingual repre-
sentations occupy nearby, locally connected re-
gions. These findings suggest that perturbation-
induced transition dynamics reveal a surpris-
ingly stable form of multilingual relationships
across models and corpora.

1 Introduction

Language similarity is a fundamental concept in
multilingual natural language processing and lin-
guistics (Blaschke et al., 2025; Huang et al., 2025).
Long before the advent of multilingual language
models (mLMs), linguists have broadly studied lan-
guage similarity, such as genealogical or typologi-
cal similarity (Greenberg, 1974), which are largely
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Input: Danish
Om sommeren bør du også holde øje med de nordiske 
myg. De giver dig ingen sygdomme, men de kan være 
irriterende.

Clean Output: Danish
De kan være i en af de følgende steder: 

i en af de følgende steder: i en ...

Activation Perturbed Output: Norwegian
De kan også være en del av en kvalitetsbrygge. De 
kan også være en del av en

Figure 1: Danish input with a linguistically related Nor-
wegian output under the proposed activation perturba-
tion.

independent of any particular computational model.
These notions have been used to guide language
selection, data transfer, and cross-lingual evalua-
tion (Lin et al., 2019; Ponti et al., 2019).

Prior work has shown that mLMs exhibit rich
cross-lingual geometry in their representation
spaces (Kudugunta et al., 2019; Chang et al., 2022;
Wen-Yi and Mimno, 2023). Building on this ob-
servation, several studies have attempted to in-
fer language similarity from model representa-
tions (Bjerva and Augenstein, 2018; Conneau et al.,
2020b; Lin et al., 2024; Shah et al., 2024). These
methods often produce language similarity patterns
that vary across model architectures, training cor-
pora, and tasks, possibly because mLMs capture
cross-lingual relationships in different ways.

While such methods effectively capture lan-
guage similarities, they provide only a static snap-
shot of the model’s cross-lingual geometry, typ-
ically by measuring distances between sentence
embeddings or hidden states (Hewitt and Manning,
2019; Nastase and Merlo, 2025). However, the mul-
tilingual output dynamics induced by this geometry
remain largely unexplored. Intuitively, if two lan-
guages occupy nearby regions in the representation
space, outputs are more likely to transition toward
each other under local variations, and vice versa.
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Aggregating such local transition behavior across
languages naturally yields a measure of language
similarity.

Based on this intuition, we propose transition-
based language similarity (TBLS), which quanti-
fies language similarity through cross-lingual tran-
sitions, where a transition refers to a shift in out-
put probability mass from the source language to-
ward another language. TBLS captures how easily
model outputs transition between languages under
local perturbations, providing a behavior-driven
view of proximity in the underlying representation
geometry.

To operationalize this idea, we induce controlled
variations in model representations to trigger out-
put transition. This approach is supported by prior
work showing that small activation perturbations
can reveal local structure in neural networks (Ren
and Li, 2024; Shahani et al., 2025; Ren et al., 2026).
Figure 1 illustrates an example of such local explo-
ration, where the output transitions from Danish to
a closely related language (Norwegian), reflecting
the cross-lingual geometry encoded by the model.

In this paper, we address the following research
questions:

RQ1 Can perturbation-induced cross-lingual
transitions be used to characterize multilingual re-
lationships in mLMs?

RQ2 What linguistic, structural, and transfer-
related properties are reflected in the multilingual
relationships captured by TBLS?

RQ3 What do perturbation-induced transitions
reveal about the local organization of multilingual
representations?

Contributions: (i) We propose TBLS, a
behavior-driven measure that characterizes multi-
lingual language similarity through perturbation-
induced cross-lingual transition. (ii) We conduct
a systematic analysis of the linguistic, struc-
tural, and transfer-related properties captured
by TBLS, showing that it captures aspects of
multilingual relationships complementary to static
representation-based similarity measures. (iii) We
show that TBLS provides a direct behavioral probe
into multilingual semantic neighborhoods, while
perturbation-induced transition patterns remain
highly consistent across mLMs and corpora.

2 Related Work

Prior work has shown that mLMs shape cross-
lingual geometry in the high-dimensional repre-

sentation space (Conneau et al., 2020b; Chang
et al., 2022). For example, Wang et al. (2024)
found strong correlations between neuron overlap
and cross-lingual transfer performance, while Zeng
et al. (2025) showed that semantically equivalent
inputs across languages tend to converge to similar
latent representations. Building on this observation,
several studies attempt to infer language similarity
from aligned sentence representations, yielding rep-
resentation similarity measures (REP) (Hewitt and
Manning, 2019; Rama et al., 2020; Conneau et al.,
2020b; Shah et al., 2024). As suggested by Wen-Yi
and Mimno (2023), the resulting similarity patterns
often vary substantially across models. Recent
work has proposed other language similarity mea-
sures. Libovický et al. (2020) analyzed language
centroids and argued that multilingual representa-
tions contain both language-specific and language-
neutral semantic components. Meanwhile, Del and
Fishel (2022) proposed Average Neuron-wise Cor-
relation (ANC), which measures cross-lingual sim-
ilarity at the neuron level.

However, these approaches typically rely on
static measurements of representation geometry,
usually based on distances such as cosine similar-
ity. Recent work further questions whether such
geometric measurements alone reliably reflect the
linguistic information encoded in sentence embed-
dings (Nastase and Merlo, 2025). Motivated by
these limitations, we complement these approaches
by studying cross-lingual output dynamics under
local perturbations, providing an alternative behav-
ioral perspective on multilingual relationships in
mLMs. Our approach is inspired by recent studies
showing that activation perturbation can effectively
probe local structure and behavior in neural net-
works (Ren and Li, 2024; Shahani et al., 2025).

3 Transition-Based Language Similarity

In this section, we introduce Transition-Based Lan-
guage Similarity (TBLS), a measure that quantifies
language similarity through cross-lingual transition
in mLMs. We introduce controlled variations to
model representations during inference, allowing
outputs to explore local neighborhoods of the rep-
resentation space.

In practice, we implement these variations using
activation perturbation (Ren et al., 2026), where
Gaussian noise is injected into intermediate activa-
tions during inference. Concretely, let aℓ denote
the activation output of a feed-forward sublayer
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at layer ℓ. During a perturbed forward pass, we
replace it with

ãℓ = aℓ + σ ξℓ, ξℓ ∼ N (0, I),

where σ > 0 controls the noise strength. Noise is
independently sampled across layers and forward
passes, while the model parameters remain fixed.

3.1 Definition of TBLS

For an input sequence x ∈ DLi , where DLi de-
notes the set of inputs in language Li, introduc-
ing local variations to model representations in-
duces stochasticity in the model’s output. If two
languages occupy nearby regions in the model’s
representation space, perturbations around inputs
from one language should assign higher probability
mass to the other, whereas distant languages should
rarely emerge. Aggregating such transition behav-
ior across inputs thus yields a notion of language
similarity.

Let P (Lj | xi, σLi) denote the probability that
a perturbed forward pass from an input xi in Li

is identified as another language Lj , where σLi

denotes the perturbation scale calibrated for lan-
guage Li. Averaging over inputs in Li, we obtain a
language-to-language transition probability

pi→j = Ex∼DLi

[
P (Lj | x, σLi)

]
. (1)

The expectation is estimated empirically over the
dataset (see Section 4 for details). The transition
probabilities pi→j and pj→i are generally asymmet-
ric. To obtain a symmetric and interpretable notion
of language similarity, we define transition-based
language similarity as

TBLS(Li, Lj) = min(pi→j , pj→i). (2)

A large similarity score indicates strong mutual
similarity between the two languages. The direc-
tional probabilities pi→j remain informative and
will be used in downstream transfer analysis (Sec-
tion 5).

Language-level escape noise. To evaluate per-
turbation effects at a comparable operating point
across languages, we estimate a language-specific
perturbation scale, referred to as escape noise.

For a given x in Li, we define the sample-level
escape noise σesc(x) as the smallest perturbation
strength at which the generated output sequence

y(x, σ) is no longer identified as Li by the lan-
guage identification model (see Appendix A for the
procedure used for non-autoregressive models).

The language-level escape noise for Li is then
obtained by averaging σesc(x) across inputs from
its corpus:

σLi =
1

|DLi |
∑

x∈DLi

σesc(x). (3)

Empirically, we observe that when the pertur-
bation strength approaches the escape noise level,
the labeled dependency overlap, which measures
the proportion of syntactic relations between sen-
tence components that remain identical between
the original and perturbed parses, drops substan-
tially (see Appendix B for details). This suggests
that escape noise is sufficient to push the model out
of the local region associated with the source lan-
guage, enabling the exploration of nearby regions
in the representation space.

3.2 Estimation of Transition Probability

For a given x and σ, forward passes produce a
probability distribution over the model vocabulary

pθ(v | x, σ), v ∈ V,

such that ∑

v∈V
pθ(v | x, σ) = 1.

Let S ⊂ V denote the set of non-linguistic to-
kens (e.g., <pad>, <eos>, <unk>), which are not
associated with any language. We consider the
effective vocabulary with non-linguistic tokens ex-
cluded: V ′ = V \ S. The remaining probability
mass over V ′ is

∑

v∈V ′
pθ(v | x, σ) = 1−

∑

s∈S
pθ(s | x, σ). (4)

We partition V ′ into language-specific token sets
VL1 , . . . ,VLK

, where VLk
contains the tokens as-

signed to language Lk. The probability that the
perturbed next-token distribution belongs to Lk is
then defined as

P (Lk | x, σ) =
∑

v∈VLk

pθ(v | x, σ). (5)

This procedure performs language identifica-
tion using the full token probability distribution
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rather than only the top-1 prediction. The transi-
tion probability pi→j and the symmetric similarity
TBLS(Li, Lj) are then computed based on these
language-level distributions. This soft aggregation
provides a more stable estimate of language-level
probability mass.

4 Experimental Setup

Models. We evaluate TBLS on a diverse set
of mLMs. We include MGPT (Shliazhko et al.,
2024) (decoder-only autoregressive), XLM-R
LARGE (Conneau et al., 2020a) (masked lan-
guage model), and MT5-LARGE (Xue et al., 2021)
(encoder–decoder). To evaluate TBLS on more re-
cent mLMs, we further consider QWEN3-8B (Yang
et al., 2025) and APERTUS-8B (Apertus et al.,
2025), which is a recent state-of-the-art model sup-
porting over a thousand languages.

Corpora. We use FLORES (Guzmán et al.,
2019) as a semantically aligned multilingual
benchmark, and a randomly sampled subset of
TATOEBA (Artetxe and Schwenk, 2019) with 2,000
sentences to introduce greater semantic and domain
variation across languages.

Language set. Considering the intersection of
language coverage across models and corpora, we
start our analysis on a set of 45 languages. These
languages cover a broad range of language families,
scripts, and typological properties, achieving a high
entropy score of 0.95 according to the diversity
metrics of Ploeger et al. (2026) (Appendix C).

Inference procedure. For decoder-only models,
we use the raw sentence directly as the prompt
without an instruction template, and greedily gen-
erate a continuation for escape-noise calibration.
For XLM-R, we use the deterministic left-to-right
mask-and-fill procedure described in Appendix A.
For mT5, we use single-token span infilling, where
one input token is replaced with <extra_id_0>
and the decoder reconstructs the masked token.
For later-position analyses in autoregressive mod-
els, preceding tokens are generated greedily before
evaluating the distribution at the selected position.

Token language assignment. To capture local
output behavior, we construct language-level distri-
butions using only the first perturbed output token.
Using later tokens would introduce accumulated
drift across decoding steps, which may obscure
the local effects of small variations. In Section 5

we will show that TBLS is robust to the choice of
perturbed token position.

To reduce ambiguity from short subword tokens
shared across languages, we identify shared tokens
as Latin- or Cyrillic-script Unicode-letter tokens
that appear in the tokenized corpora of multiple
languages, with non-linguistic tokens removed. In
all experiments, token statistics are estimated from
MC4 (Xue et al., 2021). For a shared token ṽ,
its contribution to Lj is weighted by its empirical
frequency:

wṽ,Lj =
fṽ,Lj∑
k fṽ,Lk

, (6)

where fṽ,Lj denotes the frequency of ṽ in Lj .
Shared tokens therefore contribute softly to mul-
tiple languages according to these weights. Since
these empirical weights are only available for to-
kens observed as shared in the sampled corpus
statistics, they do not cover the remaining vocab-
ulary. Non-shared tokens are therefore assigned a
single language using the hard label predicted by
XLM-V (Liang et al., 2023). Appendix D provides
additional details on token assignment and shows
that the resulting shared-token language distribu-
tions remain stable across different corpora.

Estimation Procedure. Escape noise is esti-
mated by gradually increasing σ for each x and ap-
plying a perturbed forward pass until the predicted
language changes. The σesc(x) is recorded as the
first noise level that causes a language change, and
σLi is obtained by averaging σesc(x) over all sam-
ples in Li. To estimate the transition probabilities,
each sample from Li is evaluated once under per-
turbation at σLi , and the resulting P (Lj | x, σLi)
are averaged across samples to obtain pi→j .

5 Experiments

We compute TBLS matrices from ten model-corpus
pairs. Results and code are available at https:
//github.com/WildRaincoat/TBLS.

5.1 Escape Noise Analysis
Most languages exhibit stable escape-noise esti-
mates across models and corpora. Basque is ex-
cluded from the analysis because several models
fail to consistently reproduce outputs in the original
language under unperturbed replay.

We further observe that escape-noise rankings
remain relatively consistent across mLMs, with
Spearman rank correlations ranging from 0.68 to
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0.84. This suggests that perturbation stability re-
flects a shared property of multilingual representa-
tion geometry rather than model-specific artifacts.
Full pairwise correlation heatmaps and average
escape-noise values for each language are provided
in Appendix E.

Token count Corpus size

mGPT mT5 XLM-R XLM-R

Correlation −0.073 −0.080 0.339 0.563

Table 1: Spearman rank correlations between language
resource statistics and escape-noise rankings.

We observe that languages with relatively low es-
cape noise also tend to be lower-resource languages
in multilingual pretraining. We therefore examine
the correlation between escape-noise rankings and
multilingual pretraining statistics. Three models
(MGPT, MT5, and XLM-R) report language-level
token counts, while XLM-R additionally provides
estimated corpus sizes for each language. We mea-
sure the Spearman rank correlations between lan-
guage resource and escape-noise.

Table 1 summarizes the results. The correlations
are generally weak to moderate, suggesting that es-
cape noise is only partially explained by language
resource levels. However, corpus size appears to
provide a more reliable estimate than token counts.
For example, Chinese and Hungarian have compa-
rable corpus sizes in XLM-R pretraining (63.5G
vs. 58.4G), but substantially different token counts
(435M vs. 7807M), indicating that token statistics
alone may be misleading across languages with
different tokenization behavior.

5.2 Behavioral and Linguistic Validity

To characterize the multilingual structure captured
by TBLS, we analyze its relation to both linguistic
standards and cross-lingual transfer behavior.

Genealogical Structure. We first test whether
languages that are close under TBLS are also close
in the genealogical language tree. Following prior
work (Rama et al., 2020), we reconstruct a lan-
guage family tree from each language similarity
measure, including TBLS and three baselines: REP,
corresponding to the core representation-similarity
computation used in mPLM-Sim (Lin et al., 2024),
Centroid (Libovický et al., 2020), and ANC (Del
and Fishel, 2022). The reconstructed trees are then
compared with the gold tree from Hammarström

Language Similarity Random

Model TBLS REP Centroid ANC Mean Std

mGPT 0.151 0.188 0.204 0.337 0.450 0.082
mT5-L 0.074 0.128 0.125 0.203 0.450 0.082
XLM-R 0.138 0.072 0.075 0.123 0.450 0.082
Qwen3-8B 0.195 0.171 0.138 0.197 0.450 0.082
Apertus 0.338 0.128 0.122 0.179 0.450 0.082

Table 2: Normalized distance between similarity-
induced trees and the gold genealogical tree. Lower
is better.

et al. (2025). Tree distances are computed us-
ing the leaf-distance metric of Rabinovich et al.
(2017) (see Appendix F for clustering details and
Appendix G for baseline computation).

Table 2 summarizes the results. The strongest
language similarity measure varies across mod-
els. TBLS achieves the best performance for MT5-
L and MGPT, yet performs worst for APERTUS.
These results suggest that multilingual language re-
lationships can emerge through multiple represen-
tational mechanisms, and that TBLS captures one
important dimension of such relationships. Never-
theless, all similarity measures produce trees sub-
stantially closer to the gold tree than random simi-
larity matrices.

Typological Alignment. We further analyze the
linguistic properties reflected by TBLS using rep-
resentational similarity analysis (RSA), computed
as the Spearman rank correlation between pairwise
TBLS similarities and linguistic similarity matrices
from LANG2VEC (Littell et al., 2017). In addition
to default TBLS, we also compute TBLS using per-
turbations restricted to the early, middle, and late
thirds of model layers, as well as RSA based on es-
cape noise. Figure 2 summarizes the results, where
all RSA scores are averaged across five mLMs.

Geographical Genealogical Learned Syntactic Typological
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TBLS TBLS-Early TBLS-Middle TBLS-Late Escape Noise

Figure 2: RSA between TBLS variants and linguistic
similarity matrices from LANG2VEC.

Overall, TBLS exhibits only moderate correla-
tion with existing linguistic similarity measures.
Notably, layer-specific TBLS variants exhibit dif-
ferent linguistic profiles. Early- and middle-layer
TBLS align more strongly with syntactic and typo-
logical similarity, consistent with prior work show-
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(b) WikiAnn NER
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(d) XNLI

Figure 3: Average Spearman rank correlations between language similarity measures and zero-shot transfer
performance under progressively stricter instability-controlled filtering. The horizontal axis shows the number of
removed low-escape target languages ranked by XLM-R escape noise.

ing that intermediate BERT layers preferentially
encode structural linguistic information (Ruzzetti
et al., 2023; de Vries et al., 2020). By contrast, late-
layer TBLS shows a relatively stronger association
with geographical similarity, which may reflect the
increasing influence of corpus- or usage-level regu-
larities in deeper layers (de Vries et al., 2020). As
we show next, these layer-specific differences are
also reflected in downstream transfer behavior.

Interestingly, the strongest correlation of escape
noise is with geographical similarity, suggesting
that perturbation robustness itself may organize
languages in a way that loosely mirrors real-world
geographic proximity. This may indicate that lan-
guages spoken in nearby regions exhibit compara-
ble perturbation robustness despite differing typo-
logical structure.
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143F
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Figure 4: Association between TBLS similarity and
WALS typological features measured by mean Spear-
man RSA across five models.

In fact, the linguistic signal captured by TBLS
is selective rather than broadly typological. We ob-
serve relatively stronger alignment between TBLS
and script-based similarity derived from Unicode
script distributions, although this effect becomes
substantially weaker when restricting the analysis
to Latin-script languages (Appendix H). A more
fine-grained analysis using WALS features (25 fea-
tures following Choenni and Shutova (2022)) fur-
ther shows that the strongest associations concen-
trate on word-order-related features, as illustrated
in Figure 4. Together, these results suggest that

TBLS is particularly sensitive to sequential and or-
thographic regularities within mLMs. We further
examine whether these effects can be reduced to
surface-level token overlap through downstream
transfer analysis in the following paragraphs.

Relation to cross-lingual transfer. We further
examine whether TBLS correlates with cross-
lingual zero-shot transfer performance. We evalu-
ate four multilingual transfer benchmarks: MAS-
SIVE intent classification (FitzGerald et al., 2023),
WikiAnn NER (Pan et al., 2017), Universal De-
pendencies POS tagging (Nivre et al., 2016), and
XNLI (Conneau et al., 2018). We fine-tune XLM-
R-LARGE on 12 source languages and evaluate
zero-shot transfer to all other languages. Since
transferability is directional (source→ target), we
use the directional transition probability pi→j as
the TBLS similarity score. Full experimental set-
tings are provided in Appendix I.

As discussed in Section 5.1, escape noise reflects
perturbation stability and partially overlaps with
language resource in multilingual pretraining. Em-
pirically, we observe that TBLS correlations on
downstream tasks are sensitive to low-escape target
languages. Figure 3 reports RSA between language
similarity measures and transfer performance under
progressively stricter filtering of low-escape target
languages. For other baselines, we report layer-
averaged RSA values, while additional layer-wise
statistics are provided in Appendix J.

On sentence-level tasks such as MASSIVE and
XNLI, ANC maintains the strongest overall cor-
relation with transferability across filtering levels.
In contrast, TBLS is more competitive on token-
level tasks. On both NER and POS, after removing
only the one or two lowest-escape target languages,
TBLS reaches or surpasses the other similarity mea-
sures. These results suggest that TBLS is particu-
larly informative for predicting transferability on
token-level tasks among languages with more sta-
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Figure 5: RSA between layer-specific TBLS variants
and downstream cross-lingual transfer performance.

ble escape-noise estimates.
We further examine whether these layer-specific

TBLS variants exhibit different transfer behavior.
As shown in Figure 5, early-layer TBLS consis-
tently exhibits the strongest alignment with MAS-
SIVE, POS, and XNLI transferability, while late-
layer TBLS becomes relatively more predictive
for WikiAnn NER. Combined with the linguistic
results in Figure 2, this suggests that early multilin-
gual transition dynamics capture more transferable
structural relationships shared across languages,
whereas later transition dynamics may encode more
localized lexical regularities.

Importantly, these transfer correlations cannot
be fully reduced to the tokenizer-overlap baseline
considered here. While tokenizer overlap captures
limited transfer structure, TBLS consistently pre-
serves substantially stronger transfer signals across
sentence-level benchmarks and remains informa-
tive even for cross-script language pairs where
overlap-based signals become uninformative. De-
tailed analyses are provided in Appendix K.

Taken together, these results suggest that TBLS
exhibits nontrivial associations with genealogical
structure and cross-lingual transfer behavior, indi-
cating that perturbation transition dynamics pro-
vide a complementary perspective in multilingual
relationships.

5.3 Cross-Model and Cross-Corpus
Consistency

Prior work has shown that multilingual language
similarity often varies substantially across architec-
tures and training settings (Conneau et al., 2020b;
Wen-Yi and Mimno, 2023; Lin et al., 2024; Shah
et al., 2024). Nevertheless, we find that some forms
of multilingual structure remain surprisingly con-
sistent across models and corpora.

To quantify this consistency, we compute RSA
between language similarity matrices under three
settings: same-model cross-corpus, cross-model
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Figure 6: Average RSA across three comparison set-
tings: (A) same-model cross-corpus, (B) cross-model
same-corpus, and (C) cross-model cross-corpus.

same-corpus, and cross-model cross-corpus. For
static language similarity measures, layers are
aligned by relative depth across models, and we
report the layer with the highest average RSA. Full
layer-wise statistics are provided in Appendix L.
Figure 6 reveals a clear hierarchy of cross-model
consistency across language similarity measures.
REP and ANC exhibit relatively weak agreement,
whereas centroid similarity remains substantially
more stable across architectures and corpora. Since
centroid similarity measures the relative positions
of language-level representation centers in parallel
data, this already suggests that multilingual models
share partially convergent global language geome-
try. TBLS further extends this observation: across
all model–corpus pairs, TBLS RSA ranges from
0.883 to 0.982, indicating that transitions between
language regions under perturbation capture a com-
paratively stable form of multilingual relationships.
Full pairwise RSA heatmaps are provided in Ap-
pendix M.

Robustness Analysis. We further verify that the
observed consistency of TBLS is robust to sev-
eral design choices and data conditions. First, re-
placing shared-token weighting with hard token
assignments from XLM-V still produces highly
consistent TBLS matrices across models, indicat-
ing that the observed consistency is not caused
by the shared-token mechanism itself. Instead,
shared-token weighting mainly improves robust-
ness to corpus variation and semantic mismatch
across datasets (Appendix N).

Second, we examine whether TBLS consistency
mainly reflects high-resource languages. Grouping
languages into high-, medium-, and low-resource
bins according to the MGPT pretraining distribu-
tion, we find that TBLS remains highly consistent
for both high-resource and low-resource languages
(cross-model cross-corpus RSA: 0.912 and 0.867
respectively), while the medium-resource group
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exhibits somewhat lower agreement (0.647). This
suggests that TBLS consistency is not explained by
pretraining scale alone (Appendix O).

We additionally evaluate sensitivity to pertur-
bation seeds. Across independently sampled
activation-noise seeds, transition distributions be-
come highly stable after aggregation, and indepen-
dently recomputed TBLS matrices exhibit near-
identical rank structure (Appendix P).

Finally, varying token positions and perturba-
tion noise distributions produces highly similar
TBLS matrices, indicating that TBLS primarily
reflects stable language-level transition behavior
rather than local token semantics or specific noise
choices (Appendix Q).

Computational cost. Escape-noise calibration
introduces additional inference cost because each
example is evaluated at progressively increasing
perturbation strengths until the first language tran-
sition is observed. For decoder-only models, each
calibration step uses greedy decoding capped at
25 generated tokens, and the search terminates
immediately after the first transition. Empirical
calibration costs across models are reported in Ap-
pendix R.

5.4 Semantic Neighborhood Structure
Revealed by Perturbation
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Figure 7: Ratio of content words among perturbed to-
kens as a function of noise strength (σ normalized by
escape noise), evaluated by sweeping perturbation mag-
nitude from 0.1 to 1.0 times escape noise.

Prior work has suggested that semantically
equivalent multilingual representations tend to oc-
cupy nearby regions in representation space (Pires
et al., 2019; Muller et al., 2021; Kargaran et al.,
2025). Activation perturbation provides a direct
way to behaviorally probe this hypothesis by lo-
cally traversing multilingual representation neigh-
borhoods.

To analyze how perturbation alters generation be-
havior, we compare perturbed and unperturbed out-

puts across nine languages and categorize changed
tokens into content and function words using UPOS
tags (Nivre et al., 2016).

Figure 7 shows the ratio of content words among
perturbed tokens as a function of noise strength for
MGPT (results for other models are in Appendix S).
Across languages, the majority of changes occur
on content words rather than function words. This
indicates that local variations tend to preserve the
grammatical scaffolding of a sentence while induc-
ing lexical substitutions. Similar tendencies have
also been observed in prior analyses of multilingual
representations (Bjerva et al., 2019).

Input: English
The city of Beijing in China will be the host city of 
the Olympic Winter Games in 2022, which will make 
it the first city to have hosted both the summer and 
winter Olympics.

The 2022 Beijing Winter Olympics will 
be the 24th edition of the Olympic 

Winter Games, and the …

Clean Output: English

Activation Perturbed Output: Chinese
The first Winter冬奥会 was冬奥会于2022年2月
4日在北京和张家口举行。冬奥会的吉祥物

(a) Perturbation can produce outputs in another language while
maintaining the same semantic frame.

Input: English
He noticed I was there.

I was in the middle of a 
conversation with a woman.

Clean Output: English

Activation Perturbed Output 1
I was in the middle of the night.

Activation Perturbed Output 3
I was in a hurry and I was not sure what to do.

Activation Perturbed Output 2
I was in the middle of the room.

(b) Perturbation induces lexical variation while preserving the
overall sentence structure.

Figure 8: Qualitative examples illustrating the effect of
activation perturbation on generated outputs.

Figure 8a illustrates that perturbation can some-
times produce outputs in another language while
preserving the same semantic frame, while Fig-
ure 8b shows lexical variation with the overall sen-
tence structure largely preserved. Rather than dis-
rupting sentence organization, local perturbations
appear to traverse nearby multilingual semantic
neighborhoods.

Prior work has mainly studied multilingual se-
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mantic alignment through representational similar-
ity analysis, showing that semantically equivalent
inputs across languages tend to converge to nearby
latent representations (Zeng et al., 2025). Activa-
tion perturbation provides a complementary behav-
ioral perspective by directly observing how local
variations alter generation trajectories. In this sense,
perturbation-induced cross-lingual transitions sug-
gest that multilingual semantic neighborhoods are
locally connected in representation space.

Taken together, these observations suggest that
activation perturbation primarily explores local
multilingual semantic neighborhoods while pre-
serving structural sentence organization.

6 Conclusion

In this work, we introduce TBLS, a behavior-driven
measure of multilingual language similarity based
on cross-lingual transitions under activation pertur-
bation. Rather than relying solely on static repre-
sentations, TBLS characterizes multilingual struc-
ture through local transition behavior.

Across diverse multilingual language models
and corpora, TBLS exhibits meaningful associa-
tions with genealogical structure, typological reg-
ularities, and cross-lingual transfer, while remain-
ing highly consistent across models and datasets.
These findings suggest that local transition behav-
ior captures a stable aspect of multilingual organi-
zation.

Finally, our analyses suggest that activation per-
turbation provides a direct probe into multilingual
semantic neighborhoods. The resulting transition
patterns indicate that semantically aligned multi-
lingual representations occupy nearby and locally
connected regions in representation space.

7 Limitations

We acknowledge several limitations of this work.
First, TBLS becomes less reliable for languages
with extremely low escape noise. In particular,
some models fail to consistently remain in the
source language even under unperturbed replay
(e.g., Basque). Similarly, TBLS exhibits weaker
transfer prediction performance on low-escape tar-
get languages. Second, shared tokenizer units can
induce non-zero cross-language probability mass
even without perturbation, which may favor lan-
guage pairs with greater token overlap and dis-
advantage closely related cross-script languages.
Third, although TBLS exhibits strong cross-model

consistency, the underlying reasons why mLMs
share such stable transition patterns remain unclear.
Finally, escape noise is defined operationally as the
perturbation level at which the model leaves the
source-language region. Although this definition
works well in practice, a more theoretical character-
ization of escape noise may provide deeper insight
into the geometry of multilingual representation
spaces.

8 Ethical Considerations

This work studies mLMs from an analytical per-
spective and introduces a probing method based on
activation perturbation to derive language similari-
ties. All experiments are conducted using publicly
available pretrained models and widely used bench-
mark corpora. Our analysis focuses on language-
level statistical patterns rather than individual user
data. No personally identifiable information is used
in this work. Potential misuse of the proposed
method is limited. Activation perturbation is used
here solely as a diagnostic tool to study representa-
tion structure in multilingual language models. Our
work does not aim to manipulate model outputs or
bypass safety mechanisms.
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A Escape Noise for Non-Autoregressive
Models

For non-autoregressive or non-generative architec-
tures, the notion of output sequence is not available.
To obtain a comparable output for language identi-
fication, we construct a pseudo-generated sentence
using a deterministic mask-and-fill procedure.

Given an input sentence x tokenized into a
sequence [v1, . . . , vT ], we construct a pseudo-
generated sentence ỹ(x, σ) by iterating from left
to right and performing a deterministic mask-and-
fill procedure. Initialize z(0) ← [v1, . . . , vT ]. For
each position t = 1, . . . , T , if z(t−1)

t ∈ S we skip;
otherwise we create a masked copy

m(t) =
[
z
(1)
1 , z

(2)
2 , . . . , z

(t−1)
t−1 , [MASK],

z
(0)
t+1, z

(0)
t+2, . . . , z

(0)
T

]

run a forward pass under activation perturbation
with noise strength σ, and fill the token at position
t with the top-1 prediction:

v̂t = argmax
v∈V

pθ

(
v |m(t), σ

)
,

z(t) ← z(t−1) with z
(t)
t = v̂t.

Finally, we decode z(T ) to obtain ỹ(x, σ). For non-
autoregressive models, this pseudo-generated sen-
tence ỹ(x, σ) is used as the input to the same ex-
ternal language identification procedure as in the
main text.

B Structural Degradation Near Escape
Noise

To provide a better understanding of escape noise,
we conduct an auxiliary analysis examining how
structural similarity between clean and perturbed
outputs changes as perturbation strength increases
toward the escape noise threshold.

We use MGPT and sample prompts from the
FLORES development set for several languages
spanning different typological families. For each
language, we first estimate its escape noise value,
and then apply activation perturbation with noise
strength σ = α · σLi , where α ranges from 0.1 to
1.0. We generate multiple perturbed outputs for
each prompt and noise level.

To quantify structural change, we parse both
the clean and perturbed outputs using a Universal
Dependencies (UD) parser corresponding to the
prompt language. We then compute the overlap be-
tween dependency edge multisets of the clean and

perturbed outputs. We report labeled attachment
overlap (LAS overlap), defined as the fraction of de-
pendency edges (head, dependent, relation) in the
clean output that are preserved in the perturbed out-
put. The results are shown in Figure 9. Although
the absolute escape noise values vary across lan-
guages, normalizing perturbation strength by σLi

consistently brings the labeled dependency overlap
to a comparably low regime across languages, sup-
porting the role of escape noise as a meaningful
normalization scale for local perturbations.
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Figure 9: Average labeled dependency (LAS) overlap
between clean and perturbed outputs as a function of
normalized perturbation strength σ/σLi . Results are
shown for multiple languages using MGPT on FLORES.

C Language Set and Typological
Diversity

Language Family Languages

Indo-European English, German, Danish,
Swedish, Afrikaans

Indo-European French, Italian, Spanish, Por-
tuguese, Romanian

Indo-European Russian, Ukrainian, Belarusian,
Bulgarian, Polish

Indo-European Greek
Indo-European Lithuanian, Latvian
Indo-European Hindi, Marathi, Bengali
Indo-European Persian
Uralic Finnish, Hungarian, Estonian
Turkic Turkish, Azerbaijani, Uzbek,

Kazakh, Kyrgyz
Afro-Asiatic Arabic
Austronesian Indonesian, Malay, Javanese
Dravidian Malayalam
Sino-Tibetan Chinese, Burmese
Japonic Japanese
Koreanic Korean
Tai–Kadai Thai
Mongolic Mongolian
Austroasiatic Vietnamese
Niger–Congo Swahili
Niger–Congo Yoruba
Language Isolate Basque

Using the typological diversity evaluation frame-
work of Ploeger et al. (2026), we assess the intrinsic
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diversity of our language coverage. Due to the ab-
sence of Grambank typological features for five
languages, the evaluation is conducted on the re-
maining forty languages. Despite this reduction,
the resulting language set exhibits high intrinsic
diversity, achieving an entropy score of 0.95, a
feature value inclusion (FVI) of 0.97, and a mean
pairwise distance (MPD) of 0.61. These values are
comparable in magnitude to those obtained by the
MaxSum and MaxMin sampling strategies reported
in the original study, and substantially outperform
random and family-based baselines. This indicates
that our language selection provides a broad and
informative coverage of the typological space.

D Sensitivity of Shared-Token Weights to
Corpus Choice

The shared-token weights used in our main exper-
iments are estimated from MC4. This appendix
examines whether the resulting token-language
weights are sensitive to the choice of corpus.

We estimate shared token statistics using sam-
ples from different corpora. Comparing shared to-
kens that appear in the intersection of corpora, we
find that the induced language-weight distributions
are similar across FLORES, TATOEBA and MC4, as
illustrated in Figure 10. This suggests that shared-
token weighting is not strongly affected by the par-
ticular corpus used to estimate token frequencies.
At the same time, MC4 identifies a larger number
of shared tokens than FLORES or TATOEBA, due
to its broader coverage and larger scale. Therefore,
we use MC4-based shared-token estimates in all
experiments. This choice improves token cover-
age while preserving language-weight distributions
that are consistent with those estimated from the
evaluation corpora.

Figure 10: Mean cosine similarity between shared-token
language-weight distributions estimated from different
corpora (FLORES, TATOEBA, MC4), computed on the
shared-token intersection.

Predictions with confidence below 0.2 are as-
signed an unknown label and excluded from lan-
guage probability estimation. Table 3 summarizes
the average proportion of tokens assigned to each
category across all 10 model–corpus runs. Shared
tokens account for the largest proportion of to-
kens on average, while low-confidence predictions
remain a minority of tokens, suggesting that the
majority of tokens receive stable language assign-
ments under the XLM-V labeling scheme.

Category Mean (%) Std (%)

Shared Tokens 44.35 9.07
Hard LID Tokens 29.55 4.45
Unknown Tokens 21.26 6.23
Symbols 4.83 2.29

Table 3: Average token-category proportions across all
10 model–corpus runs. “Hard LID” denotes tokens as-
signed a single language label by XLM-V, while “Un-
known” denotes low-confidence predictions excluded
from language probability estimation.

E Escape Noise Rankings Across
Languages

Figure 11 shows the Spearman rank correlations
between escape-noise rankings across multilingual
language models. Overall, the correlations remain
consistently high, indicating that escape-noise or-
dering is relatively stable across architectures. Ta-
ble 4 further reports the mean escape-noise values
averaged across five multilingual language models,
revealing substantial variation across languages.
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Figure 11: Spearman rank correlations between escape-
noise rankings across multilingual language models.
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Language EN Language EN

Burmese 0.184 Finnish 0.136
Korean 0.182 German 0.135
Thai 0.182 Hungarian 0.135
Japanese 0.180 Turkish 0.135
Chinese 0.178 Italian 0.134
Arabic 0.175 Kyrgyz 0.134
Bengali 0.174 Latvian 0.133
Malayalam 0.174 Marathi 0.133
Persian 0.172 Lithuanian 0.132
Greek 0.163 Swedish 0.132
Vietnamese 0.152 Yoruba 0.131
Ukrainian 0.149 Afrikaans 0.127
Mongolian 0.147 Azerbaijani 0.124
English 0.146 Portuguese 0.122
Kazakh 0.145 Swahili 0.121
Russian 0.143 Spanish 0.118
French 0.141 Uzbek 0.117
Romanian 0.139 Danish 0.116
Hindi 0.138 Estonian 0.112
Belarusian 0.138 Javanese 0.110
Polish 0.138 Indonesian 0.097
Bulgarian 0.138 Malay 0.075

Table 4: Mean escape-noise (EN) values averaged
across five mLMs.

F Language Tree Clustering

To compare TBLS with known language genealogy,
we reconstruct a language tree from the similarity
matrix. First, similarity scores are converted into
distances as

Dij = 1− TBLS(Li, Lj).

We then apply agglomerative hierarchical clus-
tering with average linkage to obtain a dendrogram
whose leaves correspond to languages. Starting
from singleton clusters, the algorithm iteratively
merges the pair of clusters with the smallest aver-
age pairwise distance.

Because hierarchical clustering may produce ar-
tificially deep binary branches when merge heights
are nearly identical, we optionally collapse con-
secutive merges whose heights differ by less than
a tolerance τ . This converts near-ties into multi-
branch nodes. Setting τ = 0 recovers the original
binary dendrogram.

Tree representation. To compare the recon-
structed tree with the gold genealogical tree, we
ignore branch lengths and compute the number of
edges on the shortest path between each pair of
languages in the tree. These pairwise leaf distances
form a vector representation of the tree structure.

Tree similarity. Let TTBLS denote the tree recon-
structed from TBLS and Tgold the reference ge-
nealogical tree restricted to the same language set.

Following (Rabinovich et al., 2017), we compare
the two trees using the following metric:

Distance =
1
m∥vTTBLS − vTgold∥22(
max(vTgold)

)2
+ ϵ

,

where m = n(n− 1)/2.

G Static language similarity measures

We compare TBLS with three static representation-
based language similarity measures: REP, Centroid
language similarity, and ANC. All three are com-
puted from hidden representations of the same mul-
tilingual models and at each transformer layer. For
MGPT, QWEN3, APERTUS, and MT5, representa-
tions are extracted from the decoder; for encoder-
only models such as XLM-R, they are extracted
from the encoder.

Given a sentence x
(Lj)
i in language Lj , we ob-

tain the hidden states at layer t and mean-pool over
non-padding tokens:

h
(t)
i,Lj
∈ Rd.

For FLORES, sentence index i is shared across
languages. For the sampled TATOEBA subset, the
data is not truly parallel; to keep the comparison
aligned with the TBLS setting, we construct a
pseudo-parallel ordering by matching per-language
samples by index and apply the same computations.

REP. REP measures language similarity by
comparing sentence representations for aligned
sentence indices. This corresponds to the
core representation-similarity computation used in
mPLM-Sim (Lin et al., 2024); we retain the broader
label REP because the same formulation also ap-
pears in earlier multilingual probing work (Rama
et al., 2020). For each layer t and sentence index i,
we compute

S
(t)
REP,i(Lj , Lk) = cos

(
h
(t)
i,Lj

,h
(t)
i,Lk

)
.

The final layer-wise similarity matrix is the average
over sentence indices.

CentroidSim. CentroidSim first summarizes
each language by its mean representation at layer
t:

µ
(t)
Lj

=
1

N

N∑

i=1

h
(t)
i,Lj

.

Language similarity is then the cosine similarity
between language centroids:

S
(t)
centroid(Lj , Lk) = cos

(
µ
(t)
Lj
,µ

(t)
Lk

)
.
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ANC. ANC compares languages by the correla-
tion structure of their hidden dimensions. For each
language Lj , let

H
(t)
Lj

=
[
h
(t)
1,Lj

, . . . ,h
(t)
N,Lj

]⊤
∈ RN×d

be the matrix of sentence representations at layer
t. ANC computes the Pearson correlation between
corresponding hidden dimensions across languages
and averages over dimensions:

S
(t)
ANC(Lj , Lk) =

1

d

d∑

r=1

ρ
(
H

(t)
Lj
[:, r],H

(t)
Lk
[:, r]

)
,

where ρ(·, ·) denotes Pearson correlation.
For all three measures, we obtain one language

similarity matrix per model and layer. When com-
paring models with different depths, we align lay-
ers by relative depth. For example, a relative depth
of 0.5 corresponds to the middle layer of each
model.

H Script-based Orthographic Similarity

To estimate orthographic similarity between lan-
guages, we construct a script-based similarity ma-
trix using Unicode character distributions. For each
language in FLORES, we collect all available sen-
tences and count the frequency of characters be-
longing to major Unicode script categories. These
counts are normalized to form a probability dis-
tribution over scripts for each language. Pairwise
language similarity is then computed using cosine
similarity between the resulting distributions.

We compare this orthographic similarity matrix
with the TBLS matrix using RSA. Table 5 reports
the correlations across different models and cor-
pora.

Model RSA

mGPT-Flores 0.572
mGPT-Tatoeba 0.584
mT5-Flores 0.614
mT5-Tatoeba 0.584
Qwen3-Flores 0.598
Qwen3-Tatoeba 0.602
XLM-R-Flores 0.554
XLM-R-Tatoeba 0.553
Apertus-Tatoeba 0.558
Apertus-Flores 0.584

Table 5: RSA between TBLS matrices and the script-
based orthographic similarity matrix.

Orthographic Correlation within Latin-script
Languages To test whether TBLS is primarily
driven by script similarity, we repeat the ortho-
graphic similarity analysis using only languages
that employ the Latin script. This removes cross-
script differences and focuses on orthographic vari-
ation within a single writing system. The results
are shown in Table 6. Correlations are close to
zero for most models, indicating that TBLS is not
strongly explained by orthographic similarity once
script differences are removed.

Model RSA

mGPT-Flores -0.029
mGPT-Tatoeba -0.017
mT5-Flores 0.023
mT5-Tatoeba -0.001
Qwen3-Flores -0.046
Qwen3-Tatoeba 0.048
XLM-R-Flores 0.065
XLM-R-Tatoeba 0.061
Apertus-Tatoeba 0.104
Apertus-Flores 0.196

Table 6: RSA between TBLS matrices and script-based
orthographic similarity for Latin-script languages only.

I Cross-lingual Transfer Experimental
Details

For all tasks, the source languages are: en, fr,
es, de, el, ru, ar, hi, tr, vi, zh, sw.
Yoruba is excluded from the target language be-
cause it is not included in the XLM-R pretraining
data. We use HuggingFace Trainer with standard
optimization settings. Table 7 summarizes the task-
specific hyperparameters.

Task Epochs LR Train BS Eval BS

MASSIVE 8 2e−5 16 32
XNLI 5 2e−5 16 32
WikiAnn NER 8 2e−5 16 16
UD POS 10 2e−5 16 16

Table 7: Task-specific fine-tuning hyperparameters for
zero-shot transfer experiments.

The Arabic MASSIVE model uses a slightly dif-
ferent configuration with 20 training epochs, learn-
ing rate 3 × 10−5, train batch size 16, evaluation
batch size 32, maximum sequence length 128.

Across all tasks, we use weight decay 0.01,
warmup ratio 0.06, epoch-based evaluation and
checkpoint selection, and retain only the best check-
point according to the task metric.
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J Layer-wise Statistics for
Representation-based Similarity
Measures

For representation-based similarity measures (REP,
CentroidSim, and ANC), the main text reports
layer-averaged RSA values when evaluating cross-
lingual transfer prediction. We choose this set-
ting because zero-shot transferability is intended
as a prior signal for selecting transferable language
pairs before downstream adaptation. In practice,
the optimal representation layer is generally un-
known in advance and varies substantially across
tasks and models. By contrast, TBLS is defined as
a single transition-based similarity measure rather
than a layer-wise family of similarities. Report-
ing only the best-performing representation layer
would therefore introduce an unfair comparison
favoring methods with layer-selection flexibility.

Nevertheless, to characterize the variability of
representation-based similarity across layers, we
additionally report the best- and worst-performing
layers for each task, together with their correspond-
ing RSA values in Table 8.

(a) MASSIVE

Method Mean MinL Min MaxL Max

REP 0.668 1 0.468 15 0.771
Centroid 0.641 1 0.456 16 0.735
ANC 0.765 1 0.684 23 0.852

(b) WikiAnn NER

Method Mean MinL Min MaxL Max

REP 0.322 24 -0.043 5 0.478
Centroid 0.267 24 -0.085 3 0.404
ANC 0.329 24 0.159 18 0.418

(c) UD POS

Method Mean MinL Min MaxL Max

REP 0.346 24 0.001 10 0.467
Centroid 0.333 24 -0.008 10 0.509
ANC 0.326 24 0.156 18 0.410

(d) XNLI

Method Mean MinL Min MaxL Max

REP 0.665 22 0.367 12 0.816
Centroid 0.581 22 0.249 12 0.730
ANC 0.782 1 0.669 18 0.850

Table 8: Layer-wise RSA statistics for representation-
based similarity measures on cross-lingual transfer pre-
diction tasks. MinL/MaxL denote the worst- and best-
performing layers respectively.

Metric MASSIVE NER POS XNLI

Overlap 0.057 0.225 0.202 0.114
TBLS 0.442 0.329 0.311 0.487
TBLS-CS 0.440 0.002 0.028 0.341
Overlap-CS NA NA NA NA

Table 9: RSA between language similarity measures
and downstream transferability for target languages. CS
denotes cross-script evaluation.

K Tokenizer-Controlled Analysis

To further examine whether TBLS mainly reflects
tokenizer overlap, we construct a tokenizer-overlap
baseline using weighted Jaccard similarity between
tokenizer frequency distributions:

TokenOverlap(Li, Lj) =

∑
v min(fi(v), fj(v))∑
v max(fi(v), fj(v))

,

where fi(v) denotes the empirical frequency of to-
ken v in language Li estimated from the evaluation
corpus. Interestingly, tokenizer overlap itself is
moderately associated with gold genealogical sim-
ilarity (Spearman RSA = 0.356), suggesting that
token overlap may capture genuine lexical and or-
thographic relatedness in addition to introducing a
potential surface-form bias.

We then evaluate transferability separately under
cross-script settings. Under cross-script evaluation,
tokenizer overlap becomes nearly constant because
token overlap between language pairs approaches
zero, resulting in undefined Spearman RSA values
(reported as NA). The results are shown in Table 9.

Token overlap exhibits nontrivial correlations on
lexical token-level tasks, especially POS and NER.
However, TBLS shows substantially stronger trans-
fer correlations overall. Under cross-script evalu-
ation, tokenizer-overlap RSA becomes undefined
because overlap scores collapse to a near-constant
vector, whereas TBLS remains computable and re-
tains clear transfer signal on sentence-level tasks
such as MASSIVE and XNLI.

L Layer-wise average RSA of static
language similarity

Figure 12 shows the layer-wise average RSA be-
tween static language similarity matrices across
models. To enable comparison across models with
different numbers of transformer layers, we align
layers by relative depth.
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Figure 12: Layer-wise average RSA between static lan-
guage similarity across models on FLORES. The dashed
line indicates the corresponding average RSA between
TBLS matrices (0.882) for reference.

M RSA Heatmap of TBLS

This appendix visualizes pairwise consistency be-
tween TBLS matrices across all model–corpus set-
tings, as shown in Figure 13.
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Figure 13: RSA between TBLS matrices across models
and corpora.

N Robustness to Token Assignment

We recompute TBLS by assigning each token a
single hard language label predicted by XLM-
V (Liang et al., 2023). Figure 14 shows the result-
ing RSA between TBLS matrices across models
and corpora.

An interesting observation concerns the state-of-
the-art multilingual model APERTUS. While its
agreement with other models on FLORES is low,
it shows strong consistency between FLORES and
TATOEBA. This behavior may reflect the broader
multilingual coverage and larger scale of recent
multilingual LLMs, which could lead to language
representations that are less sensitive to corpus-
specific variation.
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Figure 14: RSA between TBLS matrices computed
using hard token assignments from XLM-V.

O Resource-level Robustness

A potential concern is that TBLS consistency may
primarily reflect high-resource languages that are
better represented during multilingual pretraining.
To evaluate this possibility, we rank languages ac-
cording to their relative representation in the public
MGPT pretraining distribution and divide them
into three equally sized bins corresponding to high-
, medium-, and low-resource languages. For each
resource group, we recompute the RSA analysis
and results are summarized in Table 10. TBLS re-
mains highly consistent for both high-resource and
low-resource languages across models and corpora.

Resource bin (A) (B) (C)

High 0.981 0.915 0.912
Medium 0.887 0.678 0.647
Low 0.965 0.870 0.867

Table 10: Average RSA between TBLS matrices within
different language resource groups. (A) same-model
cross-corpus, (B) cross-model same-corpus, and (C)
cross-model cross-corpus.

P Robustness to Perturbation Seeds

Because activation perturbation introduces stochas-
ticity through independently sampled Gaussian
noise, we evaluate the sensitivity of TBLS to per-
turbation seeds on mGPT–FLORES. Using 10 in-
dependent seeds, the average Spearman correlation
between seed-specific sample-level transition dis-
tributions is 0.931. After aggregating transition
distributions across 100 samples, this correlation
increases to 0.994. The aggregation is already rel-
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atively stable with only five samples (Spearman
= 0.961) and progressively converges to 0.994 at
100 samples.

Escape-noise calibration is similarly stable
across seeds: the mean language-level range of
calibrated escape-noise values is 0.0069, with a
mean coefficient of variation of 2.95%. Finally,
we independently recompute the complete mGPT–
FLORES TBLS matrix under five perturbation
seeds. The resulting matrices achieve a mean
pairwise matrix-rank RSA of 0.990 with a stan-
dard deviation of 0.006. These results indicate
that, although individual perturbation outcomes are
stochastic, the aggregated language-level transition
structure underlying TBLS is highly stable across
perturbation seeds.

Q Robustness to Token Position and
Noise Type

Robustness to token position. Tokens appear-
ing at different decoding positions typically carry
different semantic content. For example, sentence-
initial tokens in English are often dominated by
common function words, whereas later tokens tend
to be more semantically diverse. If TBLS mainly
captures stable language-level structure, perturbing
different decoding positions should produce similar
TBLS matrices.

Figure 15 reports RSA between TBLS matri-
ces computed by perturbing different decoding po-
sitions. The resulting similarities remain consis-
tently high across all tested positions, indicating
that TBLS is not strongly dependent on the seman-
tic role of individual tokens.

Figure 15: Representational similarity analysis between
TBLS matrices computed by perturbing different decod-
ing positions (p = 1, 2, 5, 10, 20, 40).

Robustness to noise distribution. We addition-
ally evaluate whether TBLS depends on the particu-
lar perturbation distribution used during activation
perturbation. Besides Gaussian noise used in the
main experiments, we compute TBLS using Uni-
form and Laplace perturbations.

As shown in Figure 16, TBLS matrices derived
from different noise distributions remain highly
similar. This suggests that TBLS primarily reflects
stable multilingual transition behavior rather than
artifacts of a specific perturbation distribution.

Figure 16: RSA between TBLS matrices computed
under different noise distributions.

R Computational Cost of Escape-Noise
Calibration

Table 11 reports the empirical average number of
forward passes required per escape-noise calibra-
tion example on FLORES.

Model Forward passes / example

mGPT 445
XLM-R 170
Qwen3 155
Apertus 255
mT5 370

Table 11: Average number of forward passes per exam-
ple during escape-noise calibration on FLORES.

The calibration cost varies across architectures.
Qwen3 and XLM-R require fewer forward passes
on average, whereas mGPT and mT5 are relatively
more expensive. This difference mainly arises be-
cause examples for the latter models tend to escape
at higher noise levels under their respective search
grids, requiring more search steps before the first
transition. Tatoeba sentences are generally shorter
than those in FLORES, and their computational
cost is therefore typically lower.
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S Content vs. Function Word Sensitivity
Across Models

Figure 17 shows the ratio of content-word edits un-
der increasing perturbation strength across differ-
ent mLMs on FLORES. Across architectures, per-
turbation consistently affects lexical content more
strongly than function words, suggesting that local
perturbations tend to preserve grammatical struc-
ture while altering semantic content.
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(b) QWEN3
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(c) XLM-R-LARGE
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(d) APERTUS

Figure 17: Ratio of content words among perturbed
tokens as a function of noise strength (σ normalized
by escape noise), shown for several languages across
models on FLORES. Results across models and corpora
exhibit a consistent pattern, with perturbation primarily
affecting lexical content rather than function words.
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