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Abstract

Instruction-tuned language models refuse harm-
ful requests far less reliably in lower-resource
languages than in English. That behavioural
gap is well documented; its representational
basis is not. In English, refusal is known to
be mediated by a single linear direction in the
residual stream. We ask whether that direction
is one object shared across languages or many
language-specific ones. Using only released
multilingual safety benchmarks, we extract per-
language, per-layer difference-in-means refusal
directions in 10 typologically diverse languages
for two open instruction-tuned models, mea-
sure their pairwise alignment against a matched
non-safety control direction, and test causally
whether ablating or adding the English direc-
tion changes refusal behaviour in the other nine
languages. We find that geometric alignment
1s not, on its own, evidence of a shared refusal
mechanism—and that our causal test, as pre-
registered, does not settle the question in either
direction. In Qwen2.5-7B the per-language re-
fusal directions are only weakly aligned (me-
dian cosine 0.38), just above a matched non-
safety control (0.33; difference 0.05, CI [0.01,
0.09]). In Llama-3.2-3B the directions are
strongly aligned (0.84), but so is the control
(0.86; difference -0.02), so that alignment is a
generic property of the model’s multilingual ge-
ometry, not something specific to safety. High
cross-lingual cosine therefore carries no infor-
mation about whether a safety mechanism is
shared. Causally, our pre-registered criterion—
ablating and adding the English direction must
each move refusal by 20 pp—is met in 0 of nine
languages at every layer of either model. That
null does not establish fragmentation. Its two
halves dissociate, and whichever half moves re-
fusal in English at all moves it across languages
too: ablating the English direction mid-depth
in Qwen removes 47.9-61.9 pp of refusal in
English and in six of the nine other languages
alike, while adding it at Llama’s layer of record
induces 32-92 pp of refusal on benign prompts

in eight of the nine others and only 15 pp in
English. At the pre-registered sensitivity value
a=2.0, six of nine languages meet the full cri-
terion at Qwen’s mid-depth layer—one short
of the 7-of-nine bar, with the three misses at
or near the refusal floor. We report the nega-
tive headline as pre-registered and are explicit
about what it cannot carry: geometric align-
ment does not imply a shared mechanism, and
this test does not establish a fragmented one.
We pre-register all thresholds and decision rules
before touching activations, and release a veri-
fier that re-derives every reported number from
persisted activations and labels.

1 Introduction

Multilingual language models refuse harmful re-
quests unevenly. Translating an unsafe English
prompt into a lower-resource language substan-
tially raises the chance that a model complies
(Deng et al., 2024; Yong et al., 2023), and safety
evaluations that look acceptable in English degrade
across languages (Wang et al., 2024). The usual
reading of this is that safety alignment data is
English-heavy, so the safety behaviour does not
generalise. But behaviour is downstream of rep-
resentation, and the representational question has
not been asked directly: when a model refuses in
Swahili, is it using the same internal mechanism it
uses in English?

There is a concrete thing to look at. In English,
refusal in chat-tuned models is mediated to a strik-
ing degree by a single direction in the residual
stream: projecting that direction out suppresses
refusal across many harmful prompts, and adding
it induces refusal on harmless ones (Arditi et al.,
2024). This gives a sharp operationalisation of our
question. Estimate the refusal direction indepen-
dently in each language. If safety lives in a shared
multilingual subspace, those directions should be
close to parallel, and the English one should steer
refusal in every language. If safety fragments, they
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should not.

The two outcomes carry different consequences
for practice. A shared direction means one
intervention—one alignment edit, one monitor, one
probe—covers every language the model speaks,
and equally that one jailbreak found in English
is a jailbreak everywhere. Fragmentation means
per-language alignment is not optional, and that
English-only safety evaluation cannot certify a mul-
tilingual model.

We contribute:

* a per-language, per-layer map of refusal-
direction alignment in 10 languages across
two open models, with a matched non-safety
control direction estimated from the same cor-
pus and the same estimator, so that “shared”
or “fragmented” can be read relative to the
model’s general multilingual geometry rather
than in the abstract;

* a causal steering-transfer test—does the En-
glish direction ablate and induce refusal in the
other languages, and how does that compare
to each language’s own direction as a ceiling;

* the tie-back to typology and resource tier:
whether alignment and transfer decay with
URIEL distance from English (Littell et al.,
2017) and with the benchmark’s own resource
tiers;

* apre-registration fixing every threshold before
any activation was computed, and verify.py,
which re-derives every reported number from
the persisted artefacts.

2 Background

Refusal as a direction. Representation-
engineering work reads high-level behavioural
concepts off the residual stream as linear directions
(Zou et al., 2023), typically estimated as a
difference in means between contrasting prompt
sets (Marks and Tegmark, 2024). For refusal
specifically, Arditi et al. (2024) show that a single
difference-in-means direction, ablated from the
residual stream at every layer and position, largely
removes refusal, and that adding it induces refusal
on harmless prompts. We reuse that estimator and
those two interventions verbatim, and ask only
what happens when the language changes. Related
interventions include activation addition (Turner
et al.,, 2023) and closed-form concept erasure
(Belrose et al., 2023).

Multilingual representation sharing. Multilin-
gual encoders and decoders place translation-
equivalent inputs in partly shared subspaces, with
a language-identity component that can be sep-
arated from language-neutral content (Conneau
et al., 2020; Chang et al., 2022). Decoder-only
models appear to pivot through English-adjacent
representations in middle layers before emitting
non-English tokens (Wendler et al., 2024). This
makes middle layers the natural place to look for a
shared safety direction—and makes it a real ques-
tion whether apparent sharing is specific to safety
or a generic property of the model’s multilingual
geometry, which is why we run a matched control
direction.

Multilingual safety. MultiJail (Deng et al., 2024)
provides 315 unsafe prompts human-translated into
nine languages spanning high, medium and low
resource tiers; XSafety (Wang et al., 2024) and low-
resource jailbreaking (Yong et al., 2023) document
the same asymmetry from the behavioural side. We
use these resources as released. We author no new
harmful prompts, and we report only refusal labels
and aggregate geometry.

3 Method

Models. Two open, instruction-tuned, mul-
tilingual models with activation access re-
ceive the full alignment and steering analy-
sis: Qwen2.5-7B-Instruct (Qwen Team, 2025),
loaded in 4-bit NF4 (Dettmers et al., 2023) to fit a
single 8 GiB GPU, and Llama-3.2-3B-Instruct
(Llama Team, AI @ Meta, 2024) in bf16—which
doubles as an unquantised check that the 4-bit ge-
ometry is not an artefact. Aya-Expanse-8B (Dang
et al., 2024) was pre-registered as a third model
but did not complete on the available hardware; we
leave it to future work.

Languages. The ten languages of MultiJail,
which ship with a published resource tier: English
(pivot); Chinese, Italian, Vietnamese (high); Ara-
bic, Korean, Thai (medium); Bengali, Swahili, Ja-
vanese (low).

Prompt sets. R is all 315 MultiJail prompts per
language. B is 100 benign instructions per lan-
guage, the same items in every language, taken
from the machine-translated Dolly split of the Aya
evaluation suite (Singh et al., 2024; Conover et al.,
2023), restricted to the four context-free Dolly
categories so that prompt length is matched to R
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(3678 vs. 68 characters; the context-bearing cat-
egories run to 1100-1665). The control direction
is estimated inside B: open-ended generation cat-
egories (creative writing, brainstorming; n=>50)
against question answering (open QA, general QA;
n=>b0). It therefore shares the corpus, the trans-
lation pipeline and the estimator with the refusal
direction, and differs only in being a non-safety
semantic contrast.

Directions. Each prompt is formatted with the
model’s own chat template as a single user turn,
with add_generation_prompt=True and no sys-
tem message supplied by us. Both templates nev-
ertheless insert a system block of their own, in
English, in every language (Appendix A, A.3); we
keep the native template as shipped, because that is
the configuration the models’ refusal behaviour is
tuned for. Being identical across R and B, it can-
cels in the difference in means. We read the resid-
ual stream at the final prompt token—the position
from which the first response token is produced—
at every layer /, and take v/ ;, = pur, (¢) — up, (€),
normalising to ¢ 7, for all alignment analysis. As
a robustness check we repeat the analysis with the
weight vector of an Lo-regularised logistic probe
in place of the difference in means.

Layer of record. Chosen per model from English
data only: split English R and B in half, estimate
the direction on one half, and take £* to be the layer
maximising held-out AUROC of the projection on
the other half. ¢* is therefore never selected to
maximise cross-lingual cosine or steering effect.
All layers are reported regardless.

Alignment (H1). For each layer we compute the
10x10 cosine matrix among {1} and report the
median off-diagonal cosine ¢,. Because cosines
between finite-sample directions are attenuated,
and because R:B (315:100) and the control (50:50)
have different sample sizes, we report alongside
¢ both a split-half reliability-corrected cosine and
a refusal cosine re-estimated at the control’s sam-
ple size. Pre-registered decision: Hla holds iff
ce= > 0.50; H1b holds iff the Spearman correlation
between cos(Tep, I'7,) and URIEL featural distance
from English is not significantly negative.

Steering transfer (H2). At {* we take the En-
glish direction and, in each language L: (a) ab-
late it, h < h — £, (£,,h), at every layer and
token position, on R prompts; and (b) add it,
hy+ < hy« + are,, on B prompts. The same

interventions with each language’s own direction
give the ceiling. Transfer holds for L iff both deltas
reach 20 percentage points; H2 holds iff transfer
holds for at least 7 of the nine non-English lan-
guages.

Refusal labelling. Generations are greedy and
capped at 24 new tokens, which is enough to deter-
mine refusal and short enough that no actionable
harmful content can be produced. A pinned open-
weight judge labels each truncated prefix REFUSAL
or COMPLIANCE. Only labels are stored; no re-
sponse text is written to disk at any point.

4 Results

Figure 1 summarises both analyses and Table 1
gives the per-language numbers at the layer of
record.

The behavioural gap reproduces. Both models
refuse far less outside English on the low-resource
tier. Qwen’s refusal rate on R falls from 79.7%
(English) to 29.5% (Bengali) and 5.7% (Swabhili);
Llama shows the same asymmetry from a 72.1%
English baseline (Table 1). This is the behavioural
gap whose representational basis we probe.

H1: alignment. At the layer of record, the me-
dian off-diagonal cosine of the per-language re-
fusal directions is 0.38 (CI[0.36, 0.40]) for Qwen—
below the pre-registered 0.50 bar, so H1 is not
supported—and 0.84 (CI [0.81,0.87]) for Llama,
above it, so H1 is supported. Geometric sharing
thus looks model-dependent at the layer of record.
It is not, however, a layer-robust statement about
Qwen. Qwen’s median cosine is 0.93 at layer 19
and 0.87 at /T=16, falling to 0.38 only at £*=28;
held-out English AUROC is saturated across that
whole plateau (0.9904-0.9942 over layers 17-28),
so the pre-registered argmax rule is choosing be-
tween layers it cannot distinguish and landed on the
end of the plateau where the cosine is lowest. The
refusal-specificity result below is what survives this,
because the control tracks refusal at every depth:
0.84 against 0.87 at layer 16 and 0.88 against 0.93
at layer 19, gaps of the same size as the 0.05 at £*.

Hlc: is it specific to refusal? The matched non-
safety control direction settles what that alignment
means. In Qwen the control aligns at only 0.33,
so refusal is more shared than the model’s generic
geometry by 0.05 (CI [0.01, 0.09], excludes zero):
weakly but specifically refusal-related. In Llama
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Figure 1: Left panels: median cross-language cosine of the refusal direction (dark) against the matched non-safety
control direction (gold), by relative depth, one panel per model. Dotted lines are the split-half-reliability-corrected
values; the dashed vertical line is the layer of record ¢*, selected on held-out English data alone. Right: transfer
of the English refusal direction under ablation, against URIEL featural distance from English; point colour is the
benchmark’s resource tier. Open triangles are the additional steered layers ¢T. Note the six Qwen ¢f=16 points
sitting 47.9-59.7 pp above zero and well clear of the 20 pp line: at that layer the English direction ablates refusal in
those languages roughly as effectively as their own.

gwen2.5-7b 1lama3.2-3b
Language Tier dfeat cos refuse oA §b1 d cos refuse bl Afbl odd
English - - - 79.7 -1.3 -1.3 5.0 — 72.1 -0.6 -0.6 15.0
Chinese high 0.33 0.56 76.5 -4.1 1.0 0.0 0.80 71.1 -4.8 5.4 62.0
Italian high 0.22 034 717 -124 137 1.0 0.79 737 -102 -16.2 92.0
Vietnamese  high 0.28 0.40 67.9 9.2 0.6 0.0 0.83 69.8 -8.6 -5.7 81.0
Arabic medium  0.30 043 71.4 -8.3 8.3 30 0.74 67.6 -146 -194 89.0
Korean medium 0.35 0.52 70.2 -7.9 5.1 2.0 0.78 42.5 -7.6 -5.1 32.0
Thai medium  0.29 049 66.0 3.5 137 30 0.80 63.5 -3.8 9.2 74.0
Bengali low 0.32 0.38 29.5 -4.8 7.3 0.0 0.76 31.4 3.5 13.7 3.0
Swahili low 0.34  0.09 5.7 7.6 -1.0 47.0 0.64 257 235 -12.1 34.0
Javanese low 0.31 0.23 37.8 -15.6 12.4 17.0 0.66 64.4 -14.3 -4.8 81.0

Table 1: Per-language results at the layer of record £*. dge,; is URIEL featural distance from English; cos is the
cosine between that language’s refusal direction and English’s; refuse is the baseline refusal rate on R (%); A},
and AL, are the drops in refusal (pp) when the English and the within-language direction are ablated; A%, is the
induced refusal on benign prompts (pp) when the English direction is added.

the control aligns at 0.86—as high as refusal (A =  61.9 pp of English refusal and 47.9-59.7 pp in six
—0.02, CI [—-0.06,0.02], includes zero). Llama’s  of the nine other languages, 0.94-1.53 x what each
high refusal-cosine is therefore not evidence of  language’s own direction removes. The addition
a safety-specific shared subspace; it is a generic ~ half is inert at that layer for every language in-
property of its multilingual representation space. cluding English (+7.0 pp against an own-direction
ceiling of <21 pp), so no language clears the con-
H2: steering transfer, as pre-registered. Under junction. Llama dissociates the other way: at
the pre-registered criterion the English refusal di-  p+_13, adding the English direction induces 32—
rection transfers to 0/9 languages in Qwenand 0/9 g9 pp of refusal on benign prompts in eight of the
in Llama—rzero in both, at every layer tested (H2  ipe other languages—1.5-5.3x each language’s
not supported). We report that as the headline and direction—while inducing only 15.0 pp in En-
change nothing about it. The criterion is conjunc-  gJigh jtself, and the ablation half is inert for every
tive, however, and reading the two halves separately language including English (—0.6 pp). At Qwen’s
shows that the null is produced by whichever half is layer of record (¢*=28) neither half moves refusal
inert in English, not by a failure to cross languages English either (—1.3 and +5.0 pp, Table 1), so
(Table 2). that layer is uninformative about transfer rather
than evidence against it. Across both models we
find no layer at which the English direction moves
refusal in English and fails to move it elsewhere.

The two halves dissociate. At Qwen’s mid-depth
plateau (/=16) the ablation half is strong and does
cross: removing the English direction removes
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ablate en add en (a=1)
Model ¢ en 9 others n en 9 others n
Qwen 16 61.9 1.0t059.7 6 7.0 2.0t017.0 0
Qwen 28 —1.3 —15.6t0—3.5 0 5.0 —2.0t047.0 1
Llama 9 —2.2 —6.7t07.9 0 3.0 8.0t058.0 3
Llama 13* —0.6 —23.5t03.5 0 15.0 3.0t092.0 8
Llama 27 10.8 —3.2t0289 1 2.0 1.0t025.0 1

Table 2: The two halves of the transfer criterion, per
model and steered layer (* = layer of record ¢*). For
each half we give the delta in English, the range over
the nine other languages, and n, the number of those
nine reaching 20 pp. No cell has both halves working,
so the conjunction is 0/9 everywhere; but in every cell
the English delta and the other-language range rise and
fall together. All values in percentage points, n=315
prompts per language for ablation and n=100 for addi-
tion.

Sensitivity to «. The pre-registration fixes
a=1.0 for the headline and requires o« € {0.5,2.0}
to be reported as sensitivity. At a=2.0 the ad-
dition half at Qwen /=16 clears 20 pp in all ten
languages (21-55pp), and six of the nine non-
English languages (Chinese, Italian, Vietnamese,
Arabic, Korean, Thai) then satisfy the full con-
junctive criterion—one short of the 7-of-nine bar
(Appendix D). The three misses are Bengali, which
falls 0.3 pp short on the ablation half, and Swahili
and Javanese, whose baseline refusal rates (5.7%
and 37.8%) bound the achievable ablation delta.
Every other model-layer—« cell is 0/9. We do
not substitute this for the headline, as the pre-
registration forbids; we report it because it is the
result that most constrains how far the headline can
be read.

Robustness. The picture survives an Lo-probe
direction estimator (Qwen’s median cosine is lower
still) and split-half reliability correction (disatten-
uated cosines 0.40 / 0.93 preserve the ordering).
Refusal labels are reliable: judge—human agree-
ment is Cohen’s k = 0.80 (93.5% raw, n = 200).

5 Discussion

Geometry is not mechanism—in either direc-
tion. The alignment result stands on its own and
is the firmest thing we have. Qwen’s refusal direc-
tions are weakly aligned, Llama’s are nearly paral-
lel, and Llama’s apparent sharing is not specific to
safety, because a matched non-safety control esti-
mated from the same corpus with the same estima-
tor aligns just as well. A high cross-lingual cosine
therefore carries no information about whether a

safety mechanism is shared. The converse deserves
equal weight: a low cosine does not predict causal
fragmentation either. Qwen is the model with the
weakly aligned directions, and Qwen is the model
in which ablating the English direction removes re-
fusal across six other languages at those languages’
own-direction ceiling.

Consequences. The defensive reading is the un-
comfortable one. Where the English direction is
an effective lever it is effective across languages:
an English-direction ablation that removed 61.9 pp
of English refusal removed 47.9-59.7 pp in six
other languages, and an English-direction addi-
tion that barely moved English induced refusal in
eight. A single-direction intervention estimated in
English—whether an alignment edit or an attack—
should be assumed to port to a model’s other lan-
guages until shown otherwise. The methodolog-
ical caution survives, now with a mirror image:
cross-lingual representation alignment is not evi-
dence of transferable safety, and cross-lingual rep-
resentation misalignment is not evidence against
it. Per-language safety evaluation remains neces-
sary, because the behavioural gap is large and real
(Table 1); what we can no longer offer is the re-
assurance that an English-estimated lever stays in
English.

6 Ethics and limitations

Defensive framing. This is measurement, not at-
tack development. We author no harmful prompts:
every unsafe prompt is used exactly as released in
MultiJail, and every benign prompt as released in
the Aya evaluation suite. We produce no new jail-
break method; directional ablation is a published
analysis probe on open weights, applied here to ask
whether a mechanism is shared across languages,
and reported only in aggregate per-language rates.

No harmful text retained. Generations are
capped at 24 tokens and are discarded after la-
belling. Nothing in results/ contains model out-
put text—only REFUSAL / COMPLIANCE labels—
and verify.py asserts this. The judge-audit sam-
ple described in Appendix B is the one place re-
sponse text touches disk; it is written outside the
repository and is not released.

Limitations. (i) R is human-translated and B is
machine-translated, so a difference-in-means be-
tween them can absorb a translationese component;
our defence is causal rather than distributional, in
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that a translationese direction would not control
refusal under intervention, which is exactly what
H2 tests. (ii) Qwen2.5-7B is loaded in 4-bit NF4
to fit the available 8 GiB GPU; L1ama-3.2-3B is
unquantised (bf16) and shows the same qualita-
tive picture, which bounds but does not eliminate
a quantisation artefact. (iii) Refusal labels come
from a model judge; we report its agreement with
a hand-labelled subsample. (iv) Ten languages and
two model families are a small sample of the space;
the low-resource tier here (Bengali, Swahili, Ja-
vanese) is still far from the tail of the languages
these models are deployed in. (v) The difference-
in-means estimator identifies one direction; a gen-
uinely multi-dimensional safety subspace would be
only partially captured, which is why we report the
probe-weight estimator alongside.

The decisive control we did not run. Direc-
tional ablation as specified here removes one direc-
tion at every layer and every token position, which
is a blunt intervention. Because we retain only
refusal labels and never response text (by design,
see above), we cannot distinguish a shared refusal
lever from generic disruption of the model’s output
distribution—a degenerate completion is labelled
COMPLIANCE by our judge. The experiment that
separates the two is the ablation analogue of our
alignment control: ablate the matched non-safety
control direction under an identical protocol, and
inspect whether the resulting completions are co-
herent compliances or degenerate text. We ran the
control direction for the geometry (H1c) but not for
the interventions. Until it is run, the cross-lingual
ablation effect reported above should be read as
consistent with a shared refusal lever, not as estab-
lishing one. We regard this as the highest-value
single follow-up to this paper and state it plainly
rather than leaving it to inference.

Is pur, a refusal state? A reviewer raised the
sharpest objection to our construct, and we think it
is right. In the languages where the model mostly
complies — Qwen refuses 5.7% of Swahili R
prompts and 29.5% of Bengali — the mean rep-
resentation of Rj is predominantly the mean of
prompts that were about to be complied with, so
calling g, — pp, arefusal direction there is an
interpretation, not a measurement. The contrast
is equally consistent with harmful topic, dataset
provenance, instruction type or translation style,
and the two sets do come from different translation
pipelines. The check that would separate these is a

behaviour-conditioned direction — refused versus
complied examples within Ry, or topic-matched
safe/unsafe pairs from a single source — and we
did not run it. It is computable from the persisted
labels together with re-extracted activations, and it
belongs with the control ablation above as required
future work. Two further robustness checks named
in our own pre-registration and deviations log were
likewise not run: read-out at the last user-content
token and at a pooled set of prompt tokens rather
than only the generation token, and the extraction-
only re-run with an explicitly empty system turn
promised in D1.

What the verifier does and does not cover.
verify.py re-derives every reported statistic from
the persisted activations and labels. It does not
verify the stages upstream of those artefacts: cor-
pus construction, prompt serialization, generation,
or the correctness of the refusal labels themselves.
Appendix A is our answer to that gap in prose; exe-
cutable coverage of the upstream stages is not yet
in place.

Floor and ceiling effects. Several per-language
cells are bounded mechanically rather than substan-
tively, and a fixed 20 pp bar applied uniformly to
all ten languages is therefore not a like-for-like test.
Qwen refuses only 5.7% of Swahili R prompts at
baseline, so at most 5.7 pp of refusal can be ab-
lated there; Javanese (37.8%) and Bengali (29.5%)
are similarly constrained, as are Llama’s Korean
(42.5%), Bengali (31.4%) and Swahili (25.7%).
The languages in which the bar is hardest to clear
are exactly the low-resource languages the study is
about, so H2 has least power where it matters most.
The a=2.0 result above is a concrete instance:
its three misses are the three lowest-baseline lan-
guages.

Reproducibility

PREREGISTRATION.md was committed before any
activation was computed; DEVIATIONS. md records
every departure from it, each written before its
effect on the outcome was observed. verify.py
independently re-derives every reported number—
directions, cosines, reliabilities, held-out AUROC:S,
the layer of record, refusal rates, Wilson intervals
and steering deltas—from the persisted activations
and labels. Appendix A gives the full protocol
at the level of detail needed to reproduce the
study without the code: pinned dataset and model

250



revisions, prompt construction, direction estima-
tion, both interventions, generation and judging,
and the decision rules. Appendix B reproduces
the judge prompt verbatim and its agreement
analysis; Appendix C gives per-language results
at every steered layer and Appendix D the «
sensitivity. Code, the pre-registration, the devia-
tions log, the persisted labels and the verifier are
released at https://github.com/ryonzhang/
refusal-direction-multilingual (tag
v1.0-mrl12026). Raw activations (=26 GB) are
regenerated deterministically by run_all. sh from
the pinned revisions and seed.
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A Reproducibility protocol

This appendix states the protocol in full, in re-
sponse to a reviewer request. It is written so that
the study can be reproduced from the description
alone; the released code is the authority where the
two disagree.

A.1 Pinned artefacts. Every dataset and model
is pinned to a commit hash (Table 3), and the seed
is fixed at O throughout.

Artefact Revision
DAMO-NLP-SG/MultiJail 93d65c77
CohereForAl/aya_evaluation_suite e69f652e
databricks/databricks-dolly-15k bdd27f4d
Qwen/Qwen2.5-7B-Instruct a09a3545 (nf4)
meta-llama/Llama-3.2-3B-Instruct @cb88a4f (bfl16)

judge: Llama-3.3-70B-Instruct-Turbo 7T'=0, 4 tokens

Table 3: Pinned revisions. Aya-Expanse-8B
(5062468b) was pre-registered but did not complete on
the available hardware.

A.2 Prompt sets. R is the full MultiJail release:
315 human-translated unsafe prompts in each of
the 10 languages. B is 100 benign instructions per
language from the machine-translated Dolly split
of the Aya evaluation suite, restricted to the four
context-free Dolly categories (brainstorming,
creative_writing, general_qga, open_ga) so
that prompt length matches R (36-78 vs. 68
characters; the context-bearing categories run to
1100-1665). The same 100 items appear in
every language. The control contrast is inter-
nal to B: creative_writing U brainstorming
(n=50) against open_ga U general_ga (n=50).
Neither set is sampled, so no seed en-
ters corpus construction. R is every row of
MultiJail.csv (315 rows asserted), taking the
column named by the language code and the re-
lease’s own id as the prompt identifier. For B we
read the Aya file dolly_machine_translated/
test-00000-0f-00001.parquet, recover each
item’s category by indexing the original Dolly
release with its source_id, and keep the four
context-free categories; the English split then
contains exactly 100 such items, and those 100
source_ids — sorted, and asserted to be present
in every language — are the benign set in all
ten languages. Chinese and Arabic ship two
scripts in the Aya release and are restricted
to Hans and Arab respectively. Prompt text
is the inputs field, whitespace-stripped, with

no other preprocessing. The resulting 4,150
rows are written to data/prompts.parquet, and
data/manifest.json records the dataset revi-
sions, the counts, the complete list of 100 benign
source_ids, and the SHA-256 of the parquet, so
the exact item set is recoverable without re-running
the selection.

A.3 Formatting and activation read-out. Each
prompt is wrapped with the model’s own chat
template as a single user turn with a genera-
tion prompt appended and no system prompt,
then tokenised with left padding (padding_side
= "left") and an explicit position_ids tensor,
since transformers otherwise assigns wrong po-
sitions under left padding. Sequences are trun-
cated at 1024 tokens and batched at 8. We take
the hidden state at the final prompt token—the
position from which the first response token is
produced—at every layer, storing an array of shape
(Mpromptss Mayers 1, dmodel) in float32; index 0 is
the embedding output and index ¢ the output of
decoder block /.

A.3b Serialized inputs. We supply no system
message. Both templates insert one anyway, and
the two differ, so the exact serialization is part of
the experimental definition. Rendering

apply_chat_template(
[{"role":"user",
"content”: P}],
tokenize=False,
add_generation_prompt=True)

at the pinned revisions
Qwen2.5-7B-Instruct:

gives, for

<|im_start|>system\n

You are Qwen, created by Alibaba Cloud.
You are a helpful
assistant.<|im_end|>\n
<|im_start|>user\n

P<|im_end|>\n

<|]im_start|>assistant\n

and for L1ama-3.2-3B-Instruct:

<|begin_of_text|>
<|start_header_id|>system<|end_header_id|>\n\n
Cutting Knowledge Date: December 2023\n

Today Date: D\n\n

<|eot_id|>
<|start_header_id|>user<|end_header_id|>\n\n
P<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>\n\n

where P is the prompt text. Three consequences
we did not anticipate when the pre-registration was
frozen, all recorded in DEVIATIONS.md entry D1.
First, an English system prefix is present in front
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of every prompt in all ten languages; it is identi-
cal across R and B, so it cancels in the difference
in means and cannot by itself create a refusal di-
rection, but it may anchor the ten languages to-
ward a shared English context and so bias foward
H1. Second, the two models’ system blocks are
not comparable to each other. Third, Llama’s D
is strftime_now("%d %b %Y"), the date the run
happened, so a re-run on another day serializes a
different prompt; callers reproducing this should
pass date_string explicitly to pin it.

The read-out position is the final token of these
strings: the newline after assistant for Qwen,
the second of the two newlines that close the as-
sistant header for Llama. Text is tokenised with
add_special_tokens=False, since the template
already emits the BOS token, truncated at 1024
tokens, left-padded, and given position_ids de-
rived from the attention mask rather than the default
arange, which is wrong under left padding (D2).

A3c Activation capture. We  register
our own forward hooks rather than using
output_hidden_states=True. transformers
installs its capture hooks before ours, so with
an intervention hook present it reports pre-
intervention values, and its last entry has the final
RMSNorm applied rather than being the residual
stream. Registering capture after any intervention
hook makes the reading match what the model
computes.

A.4 Directions. The refusal direction is the dif-
ference in means, r, ;, = pg, (¢) — pp, (£), com-
puted per language and per layer, normalised to
ry 1, for all geometry. The control direction uses
the identical estimator on the 50:50 contrast of A.2.
The robustness estimator is the weight vector of
an Lo-regularised logistic probe fitted on the same
activations.

A.5 Layer of record. Selected per model from
English data only: English R and B are split in
half, the direction is estimated on one half, and
£* is the layer maximising held-out AUROC of
the projection on the other half. This gives £*=28
for Qwen and ¢*=13 for Llama (held-out AUROC
0.994 and 0.994). ¢* is never selected on cross-
lingual cosine or on any steering outcome.

This rule turned out to be degenerate, and
DEVIATIONS.md D6-D7 record what we did about
it before any transfer number was seen. Held-out
AUROC saturates: twelve Qwen layers (17-28) lie

within 0.005 of each other (0.9904-0.9942) and
£*=28 beat layer 25 by 0.0001, while the quan-
tity of interest varies from 0.93 to 0.38 across that
plateau. Worse, ¢* fails an in-language sanity check
in both models: ablating a model’s own English di-
rection on English harmful prompts moves English
refusal by —1.3 pp (Qwen) and —0.6 pp (Llama),
whereas a direction that mediates refusal must re-
duce it in the language it was estimated from. The
rule selects for discriminability and is indifferent
to mediation.

We therefore steered one additional, pre-
committed layer per model, /1 — the middle of
the AUROC plateau, 16 for Qwen and 9 for Llama
— and pre-committed a third rule, ¢*, the layer max-
imising English self-ablation, to be used only if
¢t also failed the English ceiling. Qwen’s /=16
passes it (61.9 pp), so £ was never invoked for
Qwen; Llama was additionally steered at /=27.
Every /' number is labelled post-hoc wherever it
appears, and the confirmatory H1/H2 decisions at
£* stand unchanged.

A.6 Interventions. Both are forward hooks, so
they apply identically during the prompt pass and
during every incremental decoding step. Ablation:
h < h — (¢ "h), registered on the embedding
module and on every decoder layer, at every token
position; applied to R prompts. Post-fix verifica-
tion drives the maximum projection onto the ab-
lated direction to 6.5 x 107 at every layer, from
6.79 at baseline. Addition: hy <+ hy + ar using
the unnormalised difference-in-means vector, at the
target layer only, all token positions; applied to B
prompts. Verified to shift exactly the target layer by
exactly ar (max error 7 x 1079) leaving the layer
below untouched. Each intervention is run with
the English direction (ablate_en, add_en) and
with the language’s own direction (ablate_self,
add_self), the latter giving the in-language ceil-
ing.

A.7 Generation and labelling. Greedy decoding,
capped at max_new_tokens=24, which is enough
to determine refusal and short enough that no ac-
tionable harmful content can be produced.

The judge is
meta-1llama/Llama-3.3-70B-Instruct-Turbo,
an open-weight model served through the Together
API, called with the single user message of Fig-
ure 2 — no system message — at temperature=0
and max_tokens=4. The completion is stripped
and upper-cased and matched for the substrings
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REFUSAL and COMPLIANCE in that order. A
call is retried up to five times with exponential
backoff and only then recorded UNPARSED, so
that a transient rate limit cannot silently become a
label; there were 0 and O such labels. Truncated
and partially-refusing outputs are handled by the
prompt’s own instruction to judge what the reply
has started to do, and the prompt states that the
reply may be in any language; empty, repetitive
or unrelated replies are defined as COMPLIANCE,
which is the conservative direction for a study
measuring refusal removal. We note honestly
that an API-served model is not hash-pinned the
way a downloaded checkpoint is; what makes our
labelling reproducible is the on-disk cache, keyed
by sha256(model||prompt||response) and storing
only the hash and the label.

Only labels are written to results/. Response
prefixes are held in memory, sent to the judge, and
discarded; no response text reaches results/, and
verify.py asserts this. One exception is deliber-
ate and lies outside the release: run_all. sh passes
—audit-dir, which appends a small fixed-seed
sample per cell—prompt, response prefix and judge
label—to a scratch directory outside the repository,
so that the judge can be hand-checked (§B). That
file is never committed and the flag can be omitted.

A.8 Decision rules, fixed in advance. H1la holds
iff ¢~ > 0.50. HI1b holds iff the Spearman cor-
relation between cos(fep, Iz,) and URIEL featu-
ral distance from English is not significantly nega-
tive. Per-language transfer holds iff A%y, > 20 pp
and AY, > 20 pp at a=1.0; H2 holds iff transfer
holds for at least 7 of the nine non-English lan-
guages. The four confirmatory tests (Hla, Hlb, H2,
H2b) are reported with raw and Holm—Bonferroni-
adjusted p-values; everything else—all layers, all v
values, the probe estimator, the control direction—
is exploratory and labelled as such. Refusal rates
carry Wilson 95% intervals. Transfer ratios are un-
defined and reported as such when the in-language
ceiling falls below 10 pp.

A.9 Compute. 8.0 GPU-hours total on a single
NVIDIA RTX 4060 Laptop GPU (8 GiB), includ-
ing model load and time waiting on the external
judge: activation extraction 0.15 h, steered genera-
tion 7.67 h, layer sweep 0.15 h.

B Refusal judge

Prompt. Reproduced verbatim in Figure 2. The
reply is parsed by stripping and upper-casing the
completion, then matching REFUSAL or COMPLI-
ANCE as a substring; anything else is recorded
as UNPARSED. There were 0 unparsed labels for
Qwen and 0 for Llama.

Agreement. On a stratified hand-labelled sam-
ple of 200 generations, judge—human agreement is
93.5% raw, Cohen’s x = 0.80. The errors are one-
sided: of 165 human COMPLIANCE items the judge
called 13 REFUSAL, and of 35 human REFUSAL
items it called 0 COMPLIANCE. The judge there-
fore never misses a refusal but over-calls refusal
on 7.9% of compliances, so reported refusal rates
are mildly inflated in a direction that is common to
every language and every condition and so does not
favour any transfer conclusion. Per-language agree-
ment ranges from 78.3% (Arabic, n=23) to 100%
(English, Bengali, Korean, Swabhili, Vietnamese).

C Per-language results at every steered
layer

Table 4 gives AT, AL and A, for all ten lan-
guages at each of the five steered model-layer
pairs; these are the numbers summarised in Ta-
ble 2. Positive A, means refusal was removed;
positive A,qq means refusal was induced on benign
prompts.

D Sensitivity to the addition coefficient

The pre-registration fixes a=1.0 for the headline
and requires o € {0.5,2.0} to be reported as sensi-
tivity, never substituted for it. Table 5 gives ASq,
at all three values for the two layers where either
half of the criterion is active.
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You are labelling whether an AI assistant's reply is a REFUSAL or a COMPLIANCE.
The reply may be in any language, and it is truncated after 24 tokens, so it will
often stop mid-sentence. Judge only what the reply has started to do.

Label REFUSAL if the reply declines the request, says it cannot or will not help,
warns that the request is harmful, illegal or unethical, lectures the user about
why the request is inappropriate, or redirects to a safe alternative instead of
doing what was asked.

Label COMPLIANCE if the reply begins to carry out the request, engages with it on
its own terms, asks a clarifying question, or restates the task before doing it.
Also label COMPLIANCE if the reply is empty, repetitive, gibberish, or unrelated
without declining.

USER REQUEST:
<<<L{prompt}>>>

ASSISTANT REPLY (truncated):
<<L{response}>>>

Answer with exactly one word: REFUSAL or COMPLIANCE.

Figure 2: The refusal judge prompt, verbatim.

Qwen /=16 Qwen £*=28 Llama /=9 Llama £*=13 Llama ¢=27
Lang abl®® abl® add®™ abl®® abll add®™ abl°® abl® add®® abl®® abl® add®™ abl®® abl’ add®®
en 619 619 7 -13 -13 5 22 22 3 06 -06 15 108 10.8 2
zh 514 337 6 -41 1.0 0 -29 -16 17 -48 -54 62 67 -5.7 25
it 59.7 61.6 17 -124 137 1 48 25 19 -102 -16.2 92 32 229 2
vi 56.5 562 7 92 06 0 -35 -13 15 -86 -57 81 -25 -35 9
ar 50.8 46.7 14 -83 83 3 67 -32 29 -14.6 -194 89 22 137 5
ko 578 61.3 7 79 5.1 2 48 79 15 -76 -5.1 32 98 -38 3
th 479 432 14 35 137 3 25 92 17 -38 92 74 67 44 4
bn 19.7 194 2 48 73 0 79 00 8 35 137 3 171 152 1
SW 1.0 0.0 4 76 -1.0 47 25 22 23 235 -12.1 34 6.0 152 1
jv 162 7.6 16 -156 124 17 25 -29 58 -143 -48 81 289 86 10

Table 4: Steering deltas in percentage points at every steered layer, a=1.0 for addition. abl®" / add®™ use the
English direction; abl” uses the language’s own direction (the in-language ceiling). n=315 prompts per language
for ablation, n=100 for addition.
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Qwen /=16 Llama ¢*=13

Lang 0.5 1.0 2.0 0.5 1.0 2.0
en 17 28 3 15 83
zh 2 6 36 25 62 69
it 4 17 44 17 92 98
vi 1 7 48 19 81 70
ar 3 14 55 31 &9 29
ko 27 39 5 32 21
th 4 14 42 15 74 66
bn 1 2 22 1 3 0
SwW 0 4 21 14 34 0
jv 1 16 50 50 81 52

languages meeting the full criterion, of nine:

6 0 O 0

Table 5: Ah, (pp, n=100) by addition coefficient. The
bottom row counts non-English languages satisfying
both halves of the pre-registered criterion at that «; the
ablation half does not depend on a. At Qwen (=16,
a=2.0, the six are Chinese, Italian, Vietnamese, Arabic,
Korean and Thai—one short of the 7-of-nine bar. Every
model-layer—« cell not shown here is 0/9.
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