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Abstract

Refusal directions have been shown to transfer
cross-lingually with near-perfect effectiveness
across safety-aligned languages (Wang et al.,
2025), reportedly regardless of resource level.
However, the only truly low-resourced lan-
guage evaluated is Yoruba, which is strongly
misaligned and shows limited transfer, leav-
ing open how refusal directions behave for
other low-resourced languages. We extend
PolyRefuse to three additional low-resourced
languages (Belarusian, Bashkir, and Tajik) and
replicate the pipeline of Wang et al. (2025)
on Qwen2.5-14B-Instruct. We find that uni-
versality is graded rather than binary: direc-
tions from safety-aligned and partially-aligned
languages transfer broadly, while those from
strongly misaligned languages fail to reliably
modulate refusal behavior on any target tested,
including other misaligned languages, once
ceiling effects are accounted for. Geomet-
ric alignment and behavioral transfer are fur-
ther shown to be partially dissociated. These
findings complicate the universality claim
and suggest that users of the least-resourced,
most strongly misaligned languages may face
weaker safety guarantees.

1 Introduction

Safety alignment in large language models
(LLMs) relies on the model’s ability to recognize
and refuse harmful, unethical, or policy-violating
requests. Arditi et al. (2024) showed that this re-
fusal behavior is mediated by a single linear direc-
tion in a model’s activation space, and that ablat-
ing this direction reliably bypasses refusal – sug-
gesting safety representations can be manipulated
or transferred.

Wang et al. (2025) extend this to a multilin-
gual setting, introducing PolyRefuse, a dataset of
harmful and benign prompts translated from En-
glish into 13 languages spanning diverse families

Figure 1: Cross-lingual transfer of refusal direc-
tions, normalized for target-language ceiling effects
(en=English, be=Belarusian, ba=Bashkir, tg=Tajik). ∆
near 1 indicates the source direction reliably induces
harmful compliance on the target; near 0 or negative
indicates no effect beyond baseline. Boxed cells de-
note self-transfer. Directions from safety-aligned and
partially-aligned sources (English, Belarusian) transfer
broadly, while strongly misaligned sources (Bashkir,
Tajik) show little to no effect on any target, including
each other.

and scripts. They find a surprising universality:
a refusal vector derived from any safety-aligned
language transfers seamlessly to others, a pattern
they attribute to geometric parallelism of refusal
directions across languages. Despite this align-
ment, models remain vulnerable to cross-lingual
jailbreaks, since harmful and harmless prompts
are often poorly separated in non-English repre-
sentation spaces.

However, low-resourced language coverage in
Wang et al. (2025) is limited: of 14 languages
in PolyRefuse, only Yoruba is truly low-resourced
by standard criteria, while Polish and Thai – pre-
sented alongside it as mid/low-resource represen-
tatives – have substantially more NLP infrastruc-
ture. The universality claim is thus typologically
diverse but not resource-diverse, a gap that matters
most for low-resourced languages, where safety
alignment is likely weakest.

In this work, we investigate whether refusal di-
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rections remain universal for other low-resourced
languages. We extend PolyRefuse to three lan-
guages not previously included – Belarusian,
Bashkir, and Tajik – chosen for distinct language
families, scripts, and resource conditions, and for
our ability to manually verify translation quality.
Replicating the pipeline of Wang et al. (2025), we
find that universality holds asymmetrically: direc-
tions from safety-aligned and partially-aligned lan-
guages transfer broadly, while those from strongly
misaligned languages fail to reliably modulate re-
fusal behavior on any target, including other mis-
aligned languages, once baseline ceiling effects
are accounted for – and geometric alignment does
not straightforwardly predict behavioral transfer.

Our contributions are as follows: (1) we ex-
tend PolyRefuse with three new low-resourced lan-
guages and manually verify translation quality;
(2) we replicate and evaluate the universality claim
of Wang et al. (2025) beyond Yoruba; (3) we show
that cross-lingual transfer of refusal directions is
asymmetric and depends on the safety alignment
of the source language, and that geometric and be-
havioral universality are partially dissociated. Ad-
ditionally, we highlight a fairness concern – users
of the least-resourced languages may face system-
atically weaker safety guarantees, a disparity that
improved multilingual data coverage and safety in-
terventions should address.

2 Background

Refusal directions. Mechanistic interpretability
seeks to explain the behavior of neural networks
by analyzing their internal representations, activa-
tion patterns, and learned features through tech-
niques such as probing, feature attribution, and lin-
ear subspace analysis (Olah et al., 2020; Elhage
et al., 2021). Recent work on representation steer-
ing has shown that specific linear directions in a
model’s activation space can correspond to behav-
iors or attributes, which can be detected, amplified,
or suppressed at the inference time through linear
interventions (Zou et al., 2025; Turner et al., 2024).
Arditi et al. (2024) showed that refusal behavior is
mediated by a single such direction, and that ab-
lating it reliably bypasses refusal. Refusal direc-
tions are computed using the difference-in-means
method (Marks and Tegmark, 2023): the mean ac-
tivation difference between harmful and harmless
prompts is calculated across layers, and the direc-
tion with the highest discriminative power is se-

lected. The practical motivation for studying re-
fusals is clear: an ideal model should avoid as-
sisting users in illegal activities, causing harm to
others, or engaging in unethical behavior (Amodei
et al., 2016). At the same time, what constitutes
a refusal-worthy request can vary across cultural,
legal, and linguistic contexts (Yam et al., 2023).

WildGuard. WildGuard (Han et al., 2024) is an
open-source moderation tool for evaluating LLM
safety. It assesses model responses across three di-
mensions: harmfulness of the prompt, refusal, and
compliance. Since compliance rate is the comple-
ment of refusal rate (compliance = 1−refusal),
we report compliance rate throughout this paper,
as our central claim concerns the rate at which
models produce unsafe outputs rather than the rate
at which they correctly refuse. We use Wild-
Guard’s refusal/compliance judgments to evaluate
whether a language is safety-aligned, following
the procedure of Wang et al. (2025): a language
is considered safety-aligned if its compliance rate
is consistently low and its refusal rate is high on
harmful prompts.

Low-resourced languages. These are the lan-
guages that lack sufficient data to train powerful
models, and this data imbalance creates biases in
LLMs in favor of the linguistic and cultural pref-
erences that dominate their training data (Joshi
et al., 2020; Blasi et al., 2022). There is also a
certain inconsistency in the NLP literature regard-
ing what constitutes a low-resourced language (Ni-
gatu et al., 2024) – a terminology issue we revisit
in Section 3.

3 Analysis of Wang et al. (2025)

Wang et al. (2025) expand previous findings to
non-English languages by creating PolyRefuse,
a collection of English-language safety datasets
automatically translated into 13 languages (14
including English): English (en), German (de),
Spanish (es), French (fr), Italian (it), Dutch (nl),
Japanese (ja), Polish (pl), Russian (ru), Chinese
(zh), Korean (ko), Arabic (ar), Thai (th), and
Yoruba (yo). The underlying English prompts
originate from Arditi et al. (2024): the harmful
set combines AdvBench (Zou et al., 2023), Mali-
ciousInstruct (Huang et al., 2023),and TDC2023
(Mazeika et al., 2023), while the harmless set
draws from ALPACA (Taori et al., 2023). The au-
thors extract refusal vectors from models’ activa-
tion patterns and evaluate their cross-lingual trans-
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ferability using cross-lingual cosine similarity and
PCA visualizations of harmful and harmless rep-
resentations. The key finding is that a refusal di-
rection derived from English can effectively by-
pass refusal behavior in other languages with near-
perfect success, even without fine-tuning, and that
refusal vectors extracted from any safety-aligned
language transfer seamlessly across all tested lan-
guages. This transferability is attributed to the ge-
ometric parallelism of refusal vectors across lan-
guages in the embedding space. Despite this
universality, models remain vulnerable to cross-
lingual jailbreaks because harmful and harmless
prompts are often poorly separated in non-English
representation spaces.

The authors do not discuss the resource status
of the chosen languages in the main text, men-
tioning Polish, Thai, and Yoruba as mid- and low-
resourced only in a footnote. However, resource
status is multidimensional – Nigatu et al. (2024)
note that it encompasses socio-political factors,
digital data availability, linguistic infrastructure,
and community agency. Without explicit crite-
ria, the classification is unclear: Yoruba is con-
sidered low-resourced mainly due to a scarcity
of computational tools and infrastructure (Jimoh
et al., 2025), despite having 47 million speak-
ers and institutional status, while Thai is under-
resourced primarily in terms of available digital
data and corpora (Arreerard et al., 2022). This
matters for interpreting the universality claim –
Polish and Thai have substantially more NLP in-
frastructure than Yoruba, making Yoruba the only
language in PolyRefuse that is unambiguously
low-resourced. It remains unclear whether this
strongly-misaligned effect is specific to Yoruba or
a general characteristic of low-resource languages.

Lang. L1 speakers UNESCO status Class

English 380M Safe 5
Polish 40M Safe 4
Thai 20.7M* Safe 3
Belarusian 5.1M Vulnerable 3
Yoruba 47M Not endangered 2
Tajik 8.4M Not endangered 1
Bashkir 1.1M† Vulnerable 1

Table 1: Speaker population, UNESCO Atlas status,
and NLP resource class (Joshi et al., 2020) (0 = least, 5
= most resourced). *Central Thai native speakers; †out
of 1.6M ethnic Bashkirs.

4 Extending PolyRefuse

To test whether the findings for Yoruba gener-
alize to other low-resourced languages and to
strengthen claims about safety-aligned languages,
more experiments with low-resourced languages
are needed. We chose Belarusian (be), Bashkir
(ba), and Tajik (tg) as test languages because we
can manually verify translation quality for each.
See Appendix A for the translation examples.

Belarusian is an East Slavic language closely re-
lated to Russian and Ukrainian, sharing enough
lexical and grammatical structure with Russian
to enable manual evaluation by Russian speakers.
Bashkir is a Kipchak Turkic language spoken pri-
marily in Bashkortostan, Russia, and contains nu-
merous Russian loanwords from prolonged lan-
guage contact. Tajik is an Iranian language of
the Persian subgroup, largely mutually intelligible
with Farsi despite using Cyrillic rather than Ara-
bic script. This proximity to Farsi allows Persian
speakers to evaluate Tajik translations.

All three languages are classified as low-
resourced for different reasons. For Belarusian,
Aparovich et al. (2025) present the Belarusian-
GLUE corpus noting that few resources were pre-
viously available, and cite UNESCO World At-
las of Languages which lists Belarusian as ’poten-
tially vulnerable’. Although it is an official lan-
guage in Belarus alongside Russian, Aparovich
et al. (2025) note that it is in fact a minority lan-
guage there due to the widespread use of Russian
in daily life, education, and media.

Bashkir is part of the Turkic language family
and faces challenges as a low-resourced language
primarily due to limited parallel corpora and dig-
ital resources (Mirzakhalov et al., 2021). Despite
having more than 1.6 million speakers, Bashkir is
rated as vulnerable by UNESCO, with challenges
in NLP stemming from limited digital resources
and computing infrastructure.

Tajik is similarly characterized as low-
resourced due to insufficient linguistic data
and computational resources for building NLP
applications (Mirzakhalov et al., 2021). The Tajik
National Corpus (taj, 2025) contains around 58.4
million words, which is relatively small for LLM
training compared to high-resourced languages.

The qualitative resource profiles above are cor-
roborated by a quantitative measure: Table 1 re-
ports the number of L1 speakers, UNESCO At-
las endangerment status, and NLP resource class
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following the taxonomy of Joshi et al. (2020) for
all languages discussed in this paper. Speaker
population and NLP resource availability diverge
sharply: Tajik has roughly eight times as many
speakers as Bashkir, yet both are classified as re-
source class 1, while Belarusian, with fewer speak-
ers than Tajik, reaches class 3. By this quantita-
tive measure, Belarusian, Bashkir, and Tajik are
all lower-resourced than Polish (class 4) and Thai
(class 3) – the two languages Wang et al. (2025)
treat as low/mid-resource stand-ins – and Bashkir
and Tajik are even lower-resourced than Yoruba
(class 2) – the only language Wang et al. (2025)
treat as unambiguously low-resourced – despite
substantial differences in speaker population and
endangerment status.

As the chosen languages (ba, be, tg)
are not available in the free unofficial
google-translator library, we used the
Google Cloud Translator API (Google, 2026)
to translate the entire dataset, including harmful
and harmless splits for training, validation, test,
and jailbreak test sets. We manually reviewed all
translations, leveraging our fluency in Russian and
background in Turkish and Farsi; see Section 8
for a discussion of the resulting limitations.

5 Experiments

To ensure reproducibility, we publish the forked
and subsequently modified code, as well as the
Bashkir, Belarusian, and Tajik datasets (located in
dataset/split_multi) on GitHub1.

5.1 Safety Alignment
Following Wang et al. (2025), we evaluate the
safety alignment of Belarusian, Bashkir, and Tajik,
with English and Yoruba as reference points, using
WildGuard (Han et al., 2024) on Qwen2.5-14B-
Instruct. Results are presented in Table 2.

Language Compliance (%)

English (en) 4.9
Yoruba (yo) 61.5
Bashkir (ba) 87.9
Belarusian (be) 24.7
Tajik (tg) 92.0

Table 2: Crosslingual jailbreak compliance rates (%).
Cells highlighted in red indicate compliance rates ex-
ceeding 10%. All results use Qwen2.5-14B-Instruct.

English shows a compliance rate of 4.9%, con-
firming safety alignment, while Yoruba shows

1
https://github.com/IvAnastasia/Multilingual-Refusal/

Figure 2: Compliance rates before and after ablating
the English refusal vector.

61.5%, consistent with the strongly misaligned be-
havior reported in Wang et al. (2025). Bashkir and
Tajik show jailbreak compliance rates of 87.9%
and 92% respectively, indicating near-total safety
misalignment. Belarusian shows a substantially
lower compliance rate of 24.7%, placing it closer
to English than to Bashkir or Tajik, but still above
the threshold used in Wang et al. (2025) to define
safety alignment. Rather than applying a single
binary threshold, we distinguish three alignment
tiers based on this compliance profile: safety-
aligned (English), partially-aligned (Belarusian),
and strongly misaligned (Bashkir, Tajik, Yoruba).
This finer-grained split is motivated by Belaru-
sian’s behavior throughout Sections 5.2 and 5.3 –
geometrically and behaviorally it patterns with En-
glish far more than with Bashkir or Tajik, despite
exceeding Wang et al. (2025)’s single compliance
threshold, a classification independently corrobo-
rated by the representation geometry analysis in
Section 5.5.

5.2 Transfer of English Refusal Vectors

We transfer the refusal vector derived from En-
glish to Bashkir, Belarusian, and Tajik, evaluating
the effect with WildGuard and including Yoruba as
a low-resourced reference point. All experiments
use Qwen2.5-14B-Instruct (Qwen et al., 2025)
on a single A100 GPU, accessed through Hugging-
Face (Wolf et al., 2020).

Results are presented in Figures 2 and 7. The
effects of ablating the English refusal vector vary
substantially across languages. For Belarusian, ab-
lation raises the compliance rate from 0.24 to 0.99
and raises Attack Success Rate from 0.16 to 0.91,
strongly supporting the universality claim of Wang
et al. (2025). For Bashkir and Tajik, where base-
line compliance is already high (0.88 and 0.92),
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Figure 3: Compliance matrix. Boxed stays for self-
transfered (direction applies to its own language).

the raw increase in compliance following ablation
is small in absolute terms – the model was largely
complying with harmful requests even before in-
tervention. We revisit this ceiling effect quantita-
tively in Section 5.2, where we show that, once
baseline compliance is accounted for, English’s
normalized effect on these two languages is in fact
substantial.

The addition direction reveals a similarly un-
even picture. Adding the English refusal vector
to Belarusian nearly eliminates harmful responses,
lowering the compliance rate to 0.01. For Bashkir,
the effect is partial, with compliance falling to
0.41. For Tajik, the effect is the weakest, with
compliance falling only to 0.43. This suggests
that the English refusal direction has limited abil-
ity to impose safety behavior on languages where
the model’s internal representations are weakly
aligned with English – a pattern consistent with
limited representation of these languages in the
model’s training data.

5.3 Refusal Vectors from Non-English
Languages

Wang et al. (2025) test a stronger form of the hy-
pothesis by checking whether refusal directions
derived from non-English languages can also mod-
ulate refusal across other languages. Ablating
a direction from any of the three safety-aligned
sources (German, Chinese, Thai) causes a near-
complete collapse of refusal across all targets,
with compliance approaching or exceeding 90%
regardless of source. Notably, all their non-
English sources are safety-aligned.

We repeat this experiment using our low-
resource languages as sources. Since Bashkir and
Tajik are strongly misaligned and Belarusian is
only partially aligned, this tests whether the uni-
versality holds when the source language is itself

misaligned. We extract refusal directions from En-
glish, Belarusian, Bashkir, and Tajik and ablate
each on all four target languages. In Figure 3,
the resulting compliance rates are reported; boxed
cells denote self-transfer.

The results reveal a clear asymmetry. The
English direction transfers effectively to all lan-
guages, raising compliance to near 1.0, and the
Belarusian direction transfers comparably well,
reaching 0.90–0.97 on all targets including En-
glish (0.93). In contrast, the Bashkir and Tajik di-
rections transfer poorly to English (0.06 and 0.33)
and to Belarusian (0.44 and 0.72). Their apparent
effectiveness on Bashkir and Tajik targets (0.72–
0.92) is harder to interpret, since both languages
already show high baseline compliance (0.88 and
0.92; §5.1) without any intervention. To disentan-
gle genuine transfer from this ceiling effect, we
compute a normalized effect size for each source–
target pair, ∆ = (cpost−cbase)/(1−cbase), the frac-
tion of remaining compliance headroom closed by
ablation (Figure 1). English and Belarusian close
the great majority of available headroom on most
targets (56–100%), except on Bashkir, where its ef-
fect is markedly weaker (∆be→ba = 0.13) though
still positive. Bashkir and Tajik, however, show
near-zero or negative normalized effects even on
their own language and on each other (∆ba→ba =
−1.30, ∆tj→tj = 0.00, ∆ba→tj = −0.91, ∆tj→ba =
0.06): the raw compliance rates that appeared to
indicate successful transfer are indistinguishable
from – or below – the pre-intervention baseline.

This refines the universality claim: the sym-
metric transfer reported by Wang et al. (2025)
holds among safety-aligned languages. Belaru-
sian, despite higher baseline compliance than En-
glish, behaves as a safety-aligned source and target
throughout our results. Bashkir and Tajik, once
ceiling effects are accounted for, do not act as ef-
fective refusal directions for any target not only
failing on safety-aligned languages, but showing
no measurable effect on each other or on them-
selves. A strongly misaligned language does not
yield a direction that transfers narrowly to other
misaligned languages; it yields a direction too
weak or noisy to reliably modulate refusal behav-
ior anywhere. Universality, in this stricter sense, is
a property of safety-aligned (and partially-aligned,
e.g. Belarusian) languages specifically, not of low-
alignment language pairs.

1147



Figure 4: Compliance rates before and after addition
the English refusal vector.

5.4 Reducing Compliance by Adding Refusal
Vectors

To validate the controllability of refusal vectors,
we perform the inverse manipulation by adding the
English refusal vector to the residual stream of the
model. Results are shown in Figure 4.

Unlike the original paper, where addition re-
duces compliance to near-zero for most languages,
the effect in our setting is more varied. For Be-
larusian, adding the English refusal vector reduces
compliance dramatically from 0.24 to 0.01, simi-
lar to what was observed in Wang et al. (2025) for
safety-aligned languages. For Bashkir and Tajik,
however, the effect is only partial: compliance
drops from 0.88 to 0.41 and from 0.92 to 0.43 re-
spectively. This is close to the behavior of Yoruba
in the original paper, where higher residual com-
pliance persisted across all source languages. Our
results extend this observation: the limited effec-
tiveness of refusal vector addition is not specific
to Yoruba, but appears to be a general property of
languages with near-total safety misalignment and
limited representation in model training data.

5.5 Exploring the Geometry of Refusal
To understand the mechanisms behind the transfer
results, we analyze the geometry of refusal repre-
sentations. Following Wang et al. (2025), we visu-
alize harmful and harmless representations at the
refusal extraction layer using PCA (Figure 5) and
quantify clustering quality using Silhouette scores
(see Table 3). This geometric analysis provides
an independent check on the behavioral alignment
classification from Section 5.1, using representa-
tion structure.

Unlike Wang et al. (2025), who report approx-
imately parallel refusal directions across all lan-
guages, we observe parallelism only for Belaru-
sian, whose refusal direction closely aligns with

Figure 5: PCA visualizations of multilingual harmful
and harmless representations in the refusal extraction
layer layer 30, pos -4. Arrows indicating refusal direc-
tions per language.

English. For Bashkir, Tajik, and Yoruba, the
directions diverge substantially. Separation be-
tween harmful and harmless clusters follows the
same pattern: English shows the cleanest separa-
tion (Silhouette 0.356), Belarusian is intermediate
(0.169), while Yoruba (0.085), Tajik (0.065), and
Bashkir (0.046) are poorly separated. This ranking
demonstrates transfer effectiveness, as Belarusian
responded most strongly to both ablation and addi-
tion of the English refusal vector. Bootstrap 95%
confidence intervals for compliance rates and sil-
houette scores (English, Belarusian, Bashkir, and
Tajik) are provided in Appendix D.

While the Bashkir refusal direction is near-
orthogonal to English’s at the extraction layer (≈
−0.01), consistent with its near-zero behavioral
effect on English (∆ba→en = 0.01; §5.3), com-
puting cosine similarity across all layers and posi-
tions (Appendix 8) reveals that Bashkir’s refusal
signal instead peaks at substantially later layers
(≈35–40) than the layer-30 extraction point used
for English and Belarusian, with a comparable but
weaker and earlier shift for Tajik (≈20–25). This
indicates that a refusal-relevant signal exists in
these languages’ representations, but is encoded
at a different network depth than the reference ex-
traction point – geometric alignment that does not
straightforwardly translate into measurable behav-
ioral transfer at the standard extraction layer.

6 Discussion

Results partially support the universality hypothe-
sis but refine it in two ways. First, the symmet-
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ric transferability reported by Wang et al. (2025)
does not hold when the source language is strongly
misaligned. Directions extracted from English and
partially aligned Belarusian transfer effectively to
almost all targets, whereas those from Bashkir
and Tajik fail to reliably modulate refusal behav-
ior on any target once baseline ceiling effects
are accounted for, including on each other and
on themselves. Universality thus appears specific
to safety-aligned and partially-aligned source lan-
guages, rather than holding for all languages re-
gardless of resource level.

Second, geometric alignment and behavioral
transfer are dissociated. At the English extrac-
tion layer, only Belarusian aligns with English,
while Bashkir and Tajik appear nearly orthogo-
nal. However, ablating these directions substan-
tially changes raw compliance on some targets
even where cosine similarity is near zero, and
cross-layer analysis shows Bashkir’s and Tajik’s
refusal signals align with English at different lay-
ers than the extraction point – particularly for
Bashkir, whose peak alignment shifts to markedly
later layers (≈35–40).

Language Silhouette Score

English (en) 0.356
Belarusian (be) 0.169
Yoruba (yo) 0.085
Tajik (tg) 0.065
Bashkir (ba) 0.046

Table 3: Silhouette Scores comparing the separation
of harmful and harmless model embeddings (Qwen2.5-
14B-Instruct). Higher values indicate better clustering.

These findings complicate the link between
safety misalignment and non-universality pro-
posed for Yoruba. Our three languages differ sub-
stantially in alignment tier and in how their re-
fusal directions relate to English – from partially-
aligned Belarusian, whose direction strongly
aligns with English both geometrically and behav-
iorally, to strongly misaligned Bashkir and Tajik,
whose alignment with English is layer-shifted
rather than absent. Misalignment alone does not
determine whether a language’s refusal direction
is universal; our results instead suggest a gradi-
ent tied to alignment tier. Consistent with Wang
et al. (2025), low-resourcedness remains corre-
lated with weaker safety performance.

Finally, we point to a fairness concern in multi-
lingual safety: users of the least-resourced, most
strongly misaligned languages are systematically

exposed to weaker and less reliable safety mecha-
nisms. Addressing this requires both better multi-
lingual data coverage and safety interventions that
do not assume high-resource performance as a pre-
requisite for robust refusal.

7 Conclusion

Based on Wang et al. (2025), we expanded
PolyRefuse with three low-resourced languages
(Belarusian, Bashkir, and Tajik) and studied the
transferability and geometry of refusal directions.
Our results refine the universality hypothesis: the
English refusal direction transfers effectively to
all three languages, and the Belarusian direc-
tion transfers comparably well to the other tar-
gets we test. Directions extracted from the
strongly misaligned Bashkir and Tajik, by con-
trast, fail to reliably modulate refusal behavior on
any target we evaluate, including English and each
other, once baseline ceiling effects are accounted
for. Universality thus holds among safety-aligned
and partially-aligned source languages but breaks
down when the source is strongly misaligned. We
further find that geometric alignment and behav-
ioral transfer are partially dissociated, as Bashkir
and Tajik align with English at different network
layers than English’s own extraction point. This
complicates the claim proposed for Yoruba: al-
though Belarusian, Bashkir, and Tajik are all low-
resourced, they differ substantially in alignment
tier and refusal geometry, with Belarusian pat-
terning closer to English than to the other two.
More broadly, our findings highlight that users of
the least-resourced, most strongly misaligned lan-
guages remain exposed to weaker safety mecha-
nisms.

8 Limitations

Single model. Due to limited resources, all ex-
periments used a single model, Qwen2.5-14B-
Instruct. While this allows a focused and consis-
tent analysis, it limits generalizability; Wang et al.
(2025) evaluated multiple model families, and our
observations about asymmetric transfer and layer-
shifted alignment may be specific to Qwen.

Language range. We extend PolyRefuse with
only three low-resourced languages. Although
chosen to represent distinct families, scripts, and
resource conditions, three languages remain a
small sample from which to generalize about low-
resourced languages as a whole.
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Translation quality. Our dataset relies on ma-
chine translation via the Google Cloud Transla-
tion API, and translation quality for low-resourced
languages is uncertain. Manual verification re-
lied on the authors’ knowledge of Russian, Turk-
ish, and Farsi rather than native proficiency in Be-
larusian, Bashkir, or Tajik, and is therefore par-
tial and potentially biased. This bridge is not
equally strong across the three languages: Be-
larusian and Russian, and Tajik and Farsi, are
closely related with substantial mutual intelligi-
bility, whereas Bashkir’s relationship to Russian
consists primarily of loanword familiarity rather
than structural or lexical closeness, making our
verification confidence lowest for Bashkir specifi-
cally. The translation pipeline may also fail to pre-
serve subtle linguistic, harmful, or culturally spe-
cific nuances, particularly for the least-resourced
languages where tools are weakest. Neither auto-
matic metrics nor our verification can guarantee
that a prompt remains equally harmful or harmless
for speakers of the target language and culture.

9 Ethical Considerations

AI use. The authors declare the responsible use
of AI tools. Cursor and Claude were used to as-
sist with coding, with all code manually reviewed
and experiments designed and run by the authors.
Claude and ChatGPT were used for grammatical
and lexical editing of the report.

Dual-use considerations. Figure 6 presents
harmful prompts translated into Belarusian,
Bashkir, and Tajik for reproducibility. These
prompts originate from established red-teaming
benchmarks used in the original PolyRefuse
pipeline – AdvBench(Zou et al., 2023), Mali-
ciousInstruct (Huang et al., 2023),and TDC2023
(Mazeika et al., 2023) – rather than being authored
by us, and their translation is intended to sub-
stantiate our claims about cross-lingual jailbreak
transfer rather than to introduce novel harmful
content. We nonetheless recognize that publishing
translated, ready-to-use harmful prompts in low-
resourced languages could itself lower the barrier
to misuse in exactly the languages we argue are
least protected, and we encourage readers to
treat this material as illustrative of the transfer
phenomenon rather than as a resource for eliciting
harmful behavior.
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A Dataset Translation Examples

Figure 6: Examples of harmful prompts from the expanded PolyRefuse dataset. All translations were produced
using the Google Cloud Translation API and manually verified by the authors.

B WildGuard safety profile

Figure 7: WildGuard safety profile.
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C Cross-layer refusal direction alignment

Figure 8: Cosine similarity between refusal directions across all layers and token positions (−1 to −5), source
language (rows) vs. target language (columns). Bashkir’s peak alignment is shifted to later layers (≈35–40) than
the layer-30 extraction point; Tajik’s is shifted earlier (≈20–25).
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D Bootstrap Confidence Intervals

To assess the reliability of our headline compliance and silhouette results, we compute 95% confidence
intervals via bootstrap resampling (N = 1000 resamples) of per-item WildGuard judgments and per-
point representations, respectively, without re-running any model inference. Table 4 reports CIs for all
16 source–target compliance rates used in Sections 5.2 and 5.5; Table 5 reports CIs for the silhouette
scores in Section 5.5. All point estimates match the values reported in the main text.

Source Target Compliance 95% CI

en en 0.998 [0.995, 1.000]
en be 0.998 [0.995, 1.000]
en ba 0.977 [0.965, 0.988]
en tg 0.991 [0.983, 0.998]
be en 0.932 [0.911, 0.951]
be be 0.955 [0.937, 0.970]
be ba 0.895 [0.869, 0.921]
be tg 0.965 [0.949, 0.979]
ba en 0.059 [0.042, 0.081]
ba be 0.439 [0.399, 0.483]
ba ba 0.722 [0.684, 0.761]
ba tg 0.846 [0.816, 0.878]
tg en 0.332 [0.296, 0.372]
tg be 0.719 [0.682, 0.755]
tg ba 0.886 [0.860, 0.913]
tg tg 0.920 [0.899, 0.941]

Table 4: Bootstrap 95% confidence intervals for WildGuard compliance rate, per source–target pair, N = 1000
resamples of per-item judgments.

Language Silhouette 95% CI

English 0.356 [0.345, 0.377]
Belarusian 0.169 [0.155, 0.195]
Tajik 0.065 [0.061, 0.082]
Bashkir 0.046 [0.045, 0.061]

Table 5: Bootstrap 95% confidence intervals for silhouette scores (harmful vs. harmless representations, layer 30,
position −4), N = 1000 resamples of per-point representations, resampled independently within class.
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