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Abstract

Safety alignment in large language models is
markedly uneven across languages: behaviors
learned from English preference data fail to
transfer reliably into lower-resource languages,
and existing remedies based on per-language
preference data or pairwise translation piv-
ots do not scale. We propose Hyperspherical
Equilibrium for Aligned Languages (HEAL),
a lightweight auxiliary objective that augments
any DPO-style alignment pipeline without al-
tering its supervised pairs. HEAL applies two
opposing forces to the multilingual representa-
tions of the same prompt: a shrink term draws
each non-English representation toward a stop-
gradient English anchor, while a dilation term
repels same-prompt language representations
through a pairwise hinge. At equilibrium, rep-
resentations occupy an English-centered shell-
like region that supports cross-lingual trans-
fer while preserving per-language distinctness.
Across multiple backbones, HEAL substan-
tially strengthens multilingual safety with the
largest gains on the weakest languages, while
preserving general capability and showing fa-
vorable out-of-distribution behavior on jail-
break evaluation.

WARNING: This paper may contain content
that is offensive and harmful.

1 Introduction

Multilingual deployment of large language mod-
els (LLMs) has outpaced multilingual safety align-
ment (Touvron et al., 2023; Qwen et al., 2025;
Tamkin et al., 2024). The preference pairs that drive
modern alignment, namely chosen-versus-rejected
response data, are produced almost exclusively in
English, while real-world usage spans dozens of
typologically distant languages (Deng et al., 2024;
Wang et al., 2024; Shen et al., 2024). Standard
monolingual DPO (Rafailov et al., 2023) sharp-
ens English refusal patterns but provides no built-
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in mechanism for propagating them through the
model’s cross-lingual representations, and curating
full multilingual response data is impractical pre-
cisely for the languages that need it most. The com-
munity has therefore turned to representation-level
objectives, which seek to inherit English safety
through hidden-state geometry rather than through
additional response supervision.

A productive lens for such objectives is bor-
rowed from contrastive representation learning:
representations on the unit sphere are useful only
when they balance two opposing properties. Align-
ment keeps related samples close, so that supervi-
sion propagates along their shared direction; uni-
formity keeps the marginal distribution spread, so
that the embedding retains capacity for distinct
content. Multilingual safety alignment inherits the
same trade-off. The L language realizations of any
given prompt form a natural positive set and must
lie close enough that English-supervised safety car-
ries across them; their angular spread, however,
is what allows each language to encode its own
typology, register, and idiomatic surface. Optimiz-
ing one of the two properties at the expense of
the other degrades both downstream safety transfer
and per-language expressiveness. Existing meth-
ods sit at opposing extremes of this trade-off. Pure
DPO (Rafailov et al., 2023) touches only the En-
glish forward path and leaves non-English represen-
tations to drift freely; cross-lingual alignment is ab-
sent, and English safety transfers only opportunis-
tically. The recent Multilingual Consistency objec-
tive (Bu et al., 2026) (henceforth MLC) takes the
opposite stance. By driving the off-leading singular
values of the per-prompt representation matrix to-
ward zero, it implicitly performs an alignment step,
since its rank-1 limit pins all L languages onto a
single shared direction. However, this construction
suffers from a structural weakness: the alignment
target is determined by the data instead of being
fixed in advance. The converged direction is the
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dominant singular vector of all L language embed-
dings jointly, so the noisier representations of low-
resource languages directly steer where every other
language is pulled, and different prompts may set-
tle on different shared directions. The cross-lingual
disparity it was meant to bridge thus leaks into the
very collinear direction along which all languages
are forced to converge, degrading alignment quality
and weakening the cross-prompt consistency that
English safety transfer relies on.

We propose Hyperspherical Equilibrium for
Aligned Languages (HEAL), a lightweight dual-
force auxiliary loss. A shrink force draws each
non-English representation toward a stop-gradient
English anchor; a dilation force pairwise-repels
same-prompt language representations. At equi-
librium, the non-English representations occupy
an English-centered shell-like region that balances
anchor alignment with language separation. Our
contributions are as follows:

• We propose a dual-force objective that com-
bines a fixed-target attractive force with an ex-
plicit pairwise repulsion, addressing the con-
tamination of the shared alignment direction
by low-resource noise while restoring unifor-
mity among same-prompt representations.

• We characterize the margin-controlled geome-
try induced by the shrink and dilation hinges,
showing that feasible configurations bound
non-English-to-English alignment error while
enforcing a positive lower bound on same-
prompt language separation; the stop-gradient
anchor prevents the alignment target from
drifting toward noisier non-English represen-
tations.

• We demonstrate consistent empirical gains
across multiple multilingual safety bench-
marks, where HEAL improves over prior
representation-level baselines, with the largest
gains on the lowest-resource languages and
competitive behavior on out-of-distribution
jailbreak languages, while English and mul-
tilingual general capabilities are preserved
across both backbones.

2 Related Work

Multilingual safety alignment. Cross-lingual
safety transfer in LLMs has been pursued along
three complementary lines. (i) Data augmentation

and localized tuning increase multilingual cover-
age through translated instruction data or language-
specific adaptation (Cui et al., 2023; Basile et al.,
2023), but safety alignment still depends on reli-
able target-language supervision. (ii) Algorithmic
adaptation reshapes the optimization itself to ex-
ploit cross-lingual structure: MPO (Zhao et al.,
2025) extends DPO with a multilingual prefer-
ence objective that pivots through English so that
English-supervised gains are propagated to other
languages, while SDRRL (Zhang et al., 2024) self-
distills from a resource-rich language by aligning
the model’s own outputs across languages, trans-
ferring capability without external multilingual la-
bels. MAPO (She et al., 2024) and BLOOMZ-style
multilingual instruction tuning (Muennighoff et al.,
2023) fall in the same family. (iii) Representation-
level alignment regularizes the hidden states di-
rectly. MLC (Bu et al., 2026) is the immediate
predecessor of HEAL in this third line; HEAL de-
parts from it by resolving the alignment–uniformity
trade-off through an explicit repulsive force, rather
than enforcing rank-1 collapse.

DPO and auxiliary losses. DPO (Rafailov et al.,
2023) has become the dominant offline alignment
paradigm, with related preference-optimization and
safety-alignment variants such as ORPO (Hong
et al., 2024), SimPO (Meng et al., 2024), and Safe-
RLHF (Dai et al., 2024). Recent analyses further
show that safety behavior, cross-lingual consis-
tency, and controllable behavior are reflected in
internal representations (Qi et al., 2025; Ji et al.,
2025; Ifergan et al., 2025; Zou et al., 2023). HEAL
turns this observation into a lightweight auxiliary
loss: it attaches to any DPO-style main loss without
modifying the underlying preference pairs.

Cross-lingual representation analysis. A sep-
arate line of work characterizes how multilin-
gual hidden states organize internally: Tang et al.
(2024) isolate language-specific neurons, Ifergan
et al. (2025) probe cross-lingual representation
sharing, Lim et al. (2025) show that language-
specific latent processes hinder cross-lingual trans-
fer, and Smith et al. (2017) introduced orthogonal-
Procrustes alignment for static word embeddings.
These findings motivate HEAL’s working assump-
tion that representations carry both shared (safety-
relevant) and language-specific information, the
former targeted by the shrink force and the latter
preserved by the dilation force.
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3 Methodology

3.1 Problem setup
We start from Direct Preference Optimization
(DPO) (Rafailov et al., 2023). For an English
prompt x with chosen and rejected responses
(yc, yr), DPO trains a policy πθ by minimizing

LDPO = − log σ
(
β log πθ(yc|x)

πref(yc|x)

− β log πθ(yr|x)
πref(yr|x)

)
,

(1)

where πref is a frozen reference policy and β con-
trols the strength of the preference update. In
our multilingual setting, the same unsafe prompt
has L language realizations x(1), . . . , x(L), but the
chosen–rejected responses remain English-only.
Thus the supervised preference signal is anchored
in English, while safety in other languages must
be transferred through the model’s shared represen-
tation space. Following Bu et al. (2026), we use
L = 10 languages: English plus nine non-English
languages AR, BN, JA, KU, PS, RU, SW, UR, ZH.

For prompt i and language l, let hi,l ∈ RH be the
hidden state at the last prompt token of a selected
transformer layer ℓ. A learned projection head fϕ
maps this state to a normalized representation

zi,l = fϕ(hi,l)/∥fϕ(hi,l)∥2 ∈ SD−1, (2)

and Zi ∈ RL×D stacks the L language represen-
tations row-wise. The English representation is
denoted zi,en, and N = {1, . . . , L} \ {en} indexes
the non-English languages.

Figure 1 summarizes the resulting pipeline:
DPO supplies the English preference signal, while
HEAL reshapes the multilingual prompt represen-
tations on the unit sphere. The English represen-
tation acts as a stop-gradient anchor, and the two
auxiliary forces jointly pull non-English languages
toward this anchor while preserving pairwise lan-
guage separation.

3.2 From rank-one alignment to dual forces
Our design follows the standard alignment–
uniformity view of hyperspherical representa-
tions (Wang and Isola, 2020):

A(f) = E(x,x+)∼ppos

[
∥f(x)− f(x+)∥22

]
, (3)

U(f) = logEx,x′∼pdata

[
e−t ∥f(x)−f(x′)∥22

]
. (4)

In our setting, translations of the same prompt form
the positive set: they should be close enough for

English safety supervision to transfer, but not so
close that language-specific information is erased.

MLC (Bu et al., 2026) encourages the first prop-
erty by making the representation matrix Zi nearly
rank one. With singular values σ1 ≥ · · · ≥ σL, it
minimizes

LMLC = CE
(
σ1:L/(sg(σ1) · τ), 0

)
, (5)

which drives σ1 to dominate and suppresses σ2:L.
This creates a strong alignment signal, but it also
reveals the core limitation: the shared direction
is data-determined by all languages in Zi, and the
rank-one endpoint provides no explicit lower bound
on same-prompt language separation. HEAL
keeps the useful alignment pressure, but separates
it into two interpretable forces: an anchored attrac-
tive force for transfer and a pairwise repulsive force
for multilingual spread.

3.3 HEAL objective
Shrink force. The shrink term pulls each non-
English representation toward a fixed English target
for the current forward pass:

Lshrink(i) =
1

|N |
∑

l∈N

[
∥zi,l−sg(zi,en)∥22−r2

]
+
.

(6)
The stop-gradient operator prevents the auxiliary
loss from moving the English anchor toward noisier
non-English representations. The margin r keeps
the force inactive once a non-English representa-
tion is sufficiently close, avoiding unnecessary col-
lapse onto the anchor.

Dilation force. Shrink alone can over-compress
all languages around zi,en. To preserve language-
specific structure, the dilation term repels non-
English pairs that are closer than margin m:

Ldilate(i) =
2

|N |(|N | − 1)

∑

l,l′∈N
l<l′[

m2 − ∥zi,l − zi,l′∥22
]
+
. (7)

English is excluded from this pairwise sum so that
the anchor remains a target, not a point being re-
pelled by other languages.

Full training loss. The final objective augments
DPO with the two representation-level forces:

LHEAL = LDPO +
λaux

B

B∑

i=1[
Lshrink(i) + αd Ldilate(i)

]
. (8)
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Figure 1: Overall framework of HEAL. Left: a safety-relevant prompt is supplied in 10 languages. Center: a
single forward pass yields a unit-sphere representation zi,l ∈ SD−1 for every language. Right: the dual force on the
sphere—shrink pulls each non-English zi,l toward the stop-gradient English anchor zi,en (alignment), and dilation
repels same-prompt non-English representations from one another (uniformity). At equilibrium the non-English
representations occupy an English-centered shell-like region with anchor distance controlled by r and pairwise
separation controlled by m.

Here B is the batch size, λaux controls the total
auxiliary weight, and αd balances dilation against
shrink. Unless otherwise stated, we use λaux = 0.8,
αd = 0.5, r2 = 0.2, and m2 = 0.3.

Training is end-to-end and single-stage: the
backbone and projection head are jointly optimized
under the combined DPO and auxiliary objective
in Eq. 8. Gradients from the auxiliary terms back-
propagate through the projection head into the
backbone; the stop-gradient in Eq. 6 blocks only
the auxiliary gradient through the English-anchor
branch. The projection head is used only during
training and discarded at inference, so HEAL adds
no inference-time parameters or latency.

Computational considerations. HEAL com-
putes auxiliary losses within each prompt, without
cross-prompt pairs. With L = 10, shrink evalu-
ates nine distances to the English anchor, while
dilation evaluates 36 non-English pairs. Given
D-dimensional normalized representations for B
prompts, their respective distance-computation
costs are O(BLD) and O(BL2D). The two
hinge losses are averaged separately before their
weighted combination. These bounds exclude back-
bone and projection-head forward and backward
passes; multilingual input processing still adds
training cost. The projection head and auxiliary
computations are discarded at inference.

3.4 Equilibrium geometry

The two margins in Eq. 8 give a direct geometric in-
terpretation of HEAL. Because all representations
are normalized, optimization happens on SD−1.
Using hinge subgradients, the Euclidean gradient
of the auxiliary block with respect to zi,l is

∇zi,l =
2asi,l
|N | (zi,l − zi,en)

− 4αd

|N |(|N | − 1)

∑

l′ ̸=l

adi,l,l′(zi,l − zi,l′),

(9)
where asi,l = I[∥zi,l − zi,en∥22 > r2] and adi,l,l′ =

I[∥zi,l − zi,l′∥22 < m2]. The Riemannian gradient
is obtained by projecting Eq. 9 onto the tangent
space of the sphere.

The cleanest equilibrium occurs when both hinge
families are inactive:

∥zi,l−zi,en∥22 ≤ r2, ∥zi,l−zi,l′∥22 ≥ m2 ∀ l ̸= l′.
(10)

This is the shell-like region targeted by HEAL:
non-English representations stay inside an English-
centered spherical cap, while maintaining pairwise
separation. The constraints are feasible under our
margins. Let n = |N | and choose a regular simplex
u1, . . . , un in the subspace orthogonal to zi,en, with
u⊤l ul′ = −1/(n − 1) for l ̸= l′. Since D = 512
and n = 9, this construction is supported by the
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available dimension. Setting

zi,l = c zi,en +
√
1− c2 ul, c = 1− r2

2
, (11)

gives ∥zi,l − zi,en∥22 = r2 and

∥zi,l − zi,l′∥22 =
2n

n− 1

(
r2 − r4

4

)
. (12)

Thus the feasible set in Eq. 10 is non-empty when-
ever

m2 ≤ 2n

n− 1

(
r2 − r4

4

)
.

With our default n = 9 and r2 = 0.2, the right-
hand side is 0.43, above m2 = 0.3.

The same geometry gives a simple transfer inter-
pretation. If a local safety margin or refusal score
gθ(z) is K-Lipschitz in the normalized representa-
tion, the shrink constraint implies

|gθ(zi,l)− gθ(zi,en)| ≤ Kr. (13)

Hence non-English representations inside the cap
inherit the English safety signal up to a controlled
representation error, while dilation preserves non-
degenerate multilingual structure. In this sense,
HEAL makes the transfer–separation trade-off ex-
plicit and tunable, rather than letting all languages
collapse toward a data-determined direction.

4 Experiments

4.1 Experimental setup
Base model and data. Our experiments are built
on two open-source instruction-tuned backbones,
Qwen-2.5-7B-Instruct (Qwen et al., 2025) and
Gemma-2-9B-it (Gemma Team et al., 2024). The
multilingual prompt set is drawn from the PKU-
SafeRLHF release1 of Ji et al. (2025): 2,848
prompts, each rendered into 10 languages, paired
only with the original English chosen/rejected con-
tinuations. Following Bu et al. (2026), we delib-
erately avoid translating responses, so the training
signal contains no multilingual answer text and the
marginal cost of adding a new language is limited
to prompt translation.

Training. Optimization runs for 3 epochs with a
per-device batch size of 4 under DeepSpeed ZeRO-
3 for both backbones. The preference objective is
sigmoid DPO with β=0.1. HEAL-specific knobs

1https://huggingface.co/datasets/
PKU-Alignment/PKU-SafeRLHF

are λaux=0.8, αd=0.5, r2=0.2, m2=0.3, with the
projection head of dimension D=512 tapped at the
final decoder layer ℓ of each backbone. We use a
6× 10−7 peak learning rate with a cosine schedule,
0.1 warmup ratio, and bf16 mixed precision. This
setup is based on the public training recipe of Bu
et al. (2026), with the implementation settings spec-
ified above.

Baselines. We benchmark HEAL against four
references spanning the dominant lines of multi-
lingual safety alignment: (a) Pure DPO, vanilla
DPO on the multilingual prompt set with no aux-
iliary term; (b) MLC (Bu et al., 2026), the im-
mediate representation-level predecessor, retrained
from the authors’ released code; (c) MPO (Zhao
et al., 2025), an algorithmic-design representa-
tive that converts the reward margin observed
in the dominant language into high-quality pref-
erence supervision for the remaining ones; and
(d) SDRRL (Zhang et al., 2024), a data-
augmentation representative that pairs each model-
generated response in a resource-rich language
with its target-language translation to form a
knowledge-distillation signal.

Benchmarks. All reported numbers are aver-
aged over repeated runs, and every benchmark
below uses the same data, language coverage,
and judging protocol as Bu et al. (2026). PKU-
SafeRLHF safety evaluates 1,800 unsafe-trigger
prompts in the 10 training languages—English,
Chinese, Russian, Japanese, Arabic, Bengali,
Swahili, Urdu, Pashto, Kurdish (EN, ZH, RU,
JA, AR, BN, SW, UR, PS, KU)—and we report
per-language safety rate, the cross-language Pair-
wise Agreement (PAG) of Bu et al. (2026), and
the across-language variance. MultiJail (Deng
et al., 2024) contributes 3,150 jailbreak prompts
over 10 languages, of which 5 (Korean, Italian,
Javanese, Thai, Vietnamese) are unseen during
training; we record attack success rate (ASR=
1−safety). MMLU (Hendrycks et al., 2021) is
the standard 5-shot English 57-subject suite, in-
cluded to detect English regression. MMMLU-
lite (Singh et al., 2025) provides 5-shot × 400-item
evaluation in the six languages that overlap our
training set (EN, AR, BN, JA, SW, ZH) and comple-
ments MMLU on the multilingual side.

4.2 Main results: PKU-SafeRLHF
Table 1 evaluates whether English-only preference
supervision can be transferred into the 10-language

29467

https://huggingface.co/datasets/PKU-Alignment/PKU-SafeRLHF
https://huggingface.co/datasets/PKU-Alignment/PKU-SafeRLHF


Models EN ZH RU JA AR BN SW UR PS KU Avg ↑ Var ↓ PAG ↑
Qwen-2.5-7B-Instruct

Raw 93.33 96.11 93.33 92.22 93.89 53.33 6.11 33.89 21.11 12.22 59.55 0.13140 0.5037
SDRRL 57.22 73.33 77.22 75.00 77.22 72.22 64.44 75.56 69.44 61.11 70.28 0.00450 0.8412
MPO 81.11 81.67 82.22 77.22 78.33 77.22 4.44 70.56 59.44 42.78 65.50 0.05530 0.6979
DPO 99.44 98.33 97.22 97.78 96.11 70.56 7.22 50.56 30.00 17.22 66.44 0.12440 0.5437
MLC 96.11 98.33 97.78 98.89 98.89 98.33 96.67 95.00 95.00 98.89 97.39 0.00022 0.9737
HEAL 96.67 98.89 100.0 98.89 100.0 98.33 98.33 98.33 98.89 100.0 98.83 0.00010 0.9882

Gemma-2-9B-it

Raw 95.56 95.56 96.11 92.78 97.22 92.22 94.44 93.89 41.11 18.89 81.78 0.06970 0.7390
SDRRL 51.11 78.33 82.22 50.56 73.33 81.67 72.77 80.00 76.67 72.78 71.94 0.01223 0.7288
MPO 89.44 81.67 87.78 85.56 87.22 85.00 76.67 83.33 70.56 42.22 78.95 0.01790 0.8641
DPO 95.00 94.59 93.55 94.62 96.77 91.98 90.91 92.51 48.66 16.58 81.52 0.06520 0.7614
MLC 93.89 96.11 95.00 96.11 93.33 95.00 96.67 95.00 93.89 95.56 95.06 0.00011 0.9194
HEAL 98.33 97.78 97.78 98.89 96.11 99.44 97.78 98.33 97.78 98.33 98.06 0.00007 0.9663

Table 1: Safety rates on PKU-SafeRLHF across training languages. Avg summarizes overall safety, Var captures
cross-lingual disparity over fractional safety rates, and PAG reflects response-level agreement across languages.
Higher is better except for Var. The best and second-best scores are marked in bold and underline.

safety setting. The main result is that HEAL
improves the strongest representation-level base-
line while making safety substantially more bal-
anced across languages. On Qwen-2.5-7B-Instruct,
HEAL raises the average safety rate from MLC’s
97.39 to 98.83, reduces cross-language variance
from 0.00022 to 0.00010, and improves PAG from
0.9737 to 0.9882. The same pattern holds on
Gemma-2-9B-it, where HEAL again obtains the
best average safety and the lowest variance.

The per-language pattern is consistent with the
motivation behind the shell objective. Vanilla DPO
can make English highly safe, but it leaves sev-
eral lower-resource languages largely unprotected;
for example, on Qwen its Swahili, Pashto, and
Kurdish safety rates remain only 7.22, 30.00, and
17.22. MLC greatly improves these languages
by enforcing cross-lingual consistency, but its
rank-1 geometry still leaves room for degrada-
tion in the weakest directions. HEAL further
improves the low-resource tail, increasing Qwen
safety over MLC on Swahili (96.67→98.33), Urdu
(95.00→98.33), Pashto (95.00→98.89), and Kur-
dish (98.89→100.0), while preserving or tying
the best score on high-resource languages such
as Japanese and Bengali. This is the empirical
signature we expect from the dual force design:
the English anchor supplies a stable transfer tar-
get, while dilation keeps language representations
separated enough to avoid over-compressing multi-
lingual variation.

4.3 Main results: MultiJail

Table 2 tests whether the gains survive a stronger
jailbreak distribution and whether they extend to
languages not used in training. On Qwen, HEAL
is the strongest method by average ASR in both set-
tings: it reduces ID ASR from MLC’s 1.90 to 0.89
and OOD ASR from 1.33 to 0.89. This improve-
ment is not limited to a single language. HEAL ob-
tains the best or tied-best ASR on Arabic, Bengali,
Swahili, Italian, Javanese, Thai, and Vietnamese,
and the second-best ASR on Korean. These OOD
gains are important because HEAL does not add
translated responses or language-specific prefer-
ence labels; the improvement must come from re-
shaping shared multilingual representations.

The Gemma results show the same ID trend and
a more competitive OOD pattern. HEAL achieves
the best ID average, with large improvements over
MLC on Bengali and Swahili. On held-out lan-
guages, HEAL has the second-best OOD average
and remains best or second-best on Korean, Ja-
vanese, and Vietnamese, while MLC keeps an edge
on the group average through particularly low ASR
on Italian, Javanese, and Thai. Overall, MultiJail
supports the central claim that HEAL improves
safety transfer under distribution shift, with clear
average gains on Qwen and competitive OOD be-
havior on Gemma.

4.4 General capability

Table 2 checks whether stronger multilingual safety
comes at the cost of general task performance on
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Method MultiJail: ID ASR ↓ MultiJail: OOD ASR ↓ General Capability ↑
EN ZH AR BN SW Avg KO IT JV TH VI Avg MMLU MMMLU-lite

Qwen-2.5-7B-Instruct

Raw 7.30 4.76 10.48 33.02 30.79 17.27 5.71 9.52 10.16 8.25 6.67 8.06 73.32 60.33
DPO 2.86 1.90 5.08 17.78 25.08 10.54 3.17 3.49 4.13 5.40 1.90 3.62 73.29 64.50
MLC 2.54 0.63 1.59 2.22 2.54 1.90 0.95 2.22 1.27 0.63 1.59 1.33 73.10 60.37
HEAL 1.27 0.95 0.95 0.63 0.63 0.89 1.27 0.95 0.63 0.63 0.95 0.89 73.09 60.50

Gemma-2-9B-it

Raw 1.27 4.13 2.54 6.98 6.98 4.38 5.08 3.49 6.67 2.22 3.17 4.13 72.59 63.83
DPO 0.00 2.22 1.90 5.40 4.13 2.73 3.17 0.95 5.71 1.27 2.86 2.79 72.76 64.12
MLC 3.17 3.17 1.27 3.49 2.22 2.66 2.22 0.95 0.00 0.95 2.54 1.33 72.76 64.67
HEAL 2.54 2.22 2.86 0.95 1.90 2.09 1.90 2.54 0.63 2.86 2.22 2.03 72.77 64.42

Table 2: Jailbreak robustness and general capability. MultiJail attack success rates (ASR) are reported for
in-distribution (ID) and out-of-distribution (OOD) languages; lower is better. MMLU and MMMLU-lite measure
general capability; higher is better. The best and second-best scores among the retained methods are marked in bold
and underline.

both backbones. On Qwen-2.5-7B-Instruct, HEAL
is essentially tied with MLC on English MMLU
(73.09 vs. 73.10) and slightly improves MMMLU-
lite (60.50 vs. 60.37). On Gemma-2-9B-it, HEAL
achieves the best MMLU score (72.77) and the
second-best MMMLU-lite score (64.42), only 0.25
points below MLC. Together with Tables 1 and 2,
these results show that HEAL improves multi-
lingual safety while preserving general capability
across both backbones.

Figure 2 visualizes the same effect at the repre-
sentation level using Qwen-2.5-7B-Instruct. We
plot a per-prompt t-SNE (van der Maaten and Hin-
ton, 2008) of the layer-ℓ last-token hidden states
across 30 PKU-SafeRLHF prompts and the 10
training languages; the states are L2-normalized
before projection, and layer ℓ matches the input
layer of the HEAL projection head. Base and
pure DPO largely preserve language-separated clus-
ters, indicating weak same-prompt cross-lingual
coupling. MLC mixes languages more strongly,
but the resulting points are spread in a less struc-
tured way. In contrast, HEAL forms compact local
groups that contain multiple languages for the same
prompt while keeping these groups separated from
one another, matching the intended shell geome-
try: safety-relevant prompt semantics are aligned
across languages, but prompt- and language-level
distinctions are not erased.

4.5 Ablations and Margin Sensitivity

Figure 3 reports this sweep on Qwen-2.5-7B-
Instruct and uses it as both an ablation and a sensi-

tivity analysis: m2=0 removes the dilation force,
while positive margins test how much language
separation the shell objective should enforce. We
keep the shrink margin fixed at r2=0.2 and vary
m2, measuring PKU-SW safety and MJ-SW ASR.
The leftmost point is therefore a shrink-only abla-
tion, because the pairwise hinge in Eq. 7 is always
inactive. This variant reaches only 93.89 PKU-SW
safety and 2.86 MJ-SW ASR, substantially worse
than the full objective. The result confirms the cen-
tral failure mode of attraction-only alignment: it
transfers safety, but can over-compress non-English
representations and weaken the language-specific
structure needed by the lowest-resource languages.

The remaining points are a hyperparameter
sweep over the amount of allowed separation. Per-
formance improves as the margin increases from
m2=0 to 0.30, where PKU-SW safety peaks at
98.33 and MJ-SW ASR drops to 0.63. This is the
regime in which dilation is strong enough to pre-
vent collapse, but still compatible with the shrink
constraint. When the margin is increased further
to m2=0.45, performance degrades on both bench-
marks (96.67 PKU-SW safety and 1.27 MJ-SW
ASR), indicating that excessive repulsion begins
to compete with anchored alignment. The non-
monotonic curve therefore matches the shell-like
equilibrium picture: HEAL needs both forces, and
its best behavior appears when the dilation mar-
gin is large enough to preserve multilingual spread
but small enough to keep all languages inside the
English-centered safety region.
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Figure 2: Per-prompt t-SNE representation geometry under each training paradigm for Qwen-2.5-7B-Instruct.
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Figure 3: Ablation and margin sensitivity on Qwen-
2.5-7B-Instruct. PKU-SW safety and MJ-SW ASR as
functions of the squared dilation margin m2, with the
shrink margin fixed at r2=0.2. The case m2=0 removes
the dilation force and serves as a shrink-only ablation.

5 Conclusion

We presented HEAL, a lightweight representation-
level objective for multilingual safety alignment.
The key idea is to replace rank-1 multilingual
collapse with a controlled shell geometry: non-
English prompt representations are pulled toward
a stop-gradient English anchor, while a pairwise
dilation term preserves separation among lan-
guages. This dual-force design directly targets the
alignment–uniformity trade-off that arises when
English preference supervision must transfer to ty-
pologically diverse languages without multilingual
response labels.

Empirically, HEAL improves multilingual
safety where this trade-off matters most. On PKU-
SafeRLHF, it raises average safety and reduces
cross-language variance relative to MLC across the
evaluated backbones, with especially large gains
on low-resource languages such as Swahili, Urdu,
Pashto, and Kurdish. On MultiJail, HEAL im-
proves Qwen ID and OOD attack-success averages
and remains competitive on Gemma OOD eval-

uation, indicating that the learned representation
geometry can help under distribution shift. At the
same time, MMLU and MMMLU-lite results indi-
cate that these safety gains do not require a mea-
surable loss in general capability. The ablation and
margin sweep confirm the mechanism: shrink-only
alignment is insufficient, while an intermediate di-
lation margin best balances safety transfer with
language-specific representation spread.

Limitations

HEAL is designed as an auxiliary objective for
DPO-style alignment, and our experiments focus
on open-source instruction-tuned models in the
7–9B parameter range. Our language set covers
both high- and lower-resource languages and in-
cludes OOD evaluation, but multilingual deploy-
ment spans a broader space of scripts, language
families, and code-switching patterns. Extending
HEAL to larger backbones and wider language
coverage is a natural next step.

Ethics Statement

This work aims to improve multilingual safety
alignment for large language models. The ex-
periments necessarily involve unsafe prompts and
jailbreak-style evaluations, but these materials are
used only to measure and reduce harmful model
behavior; we do not introduce new attack methods
or provide actionable harmful instructions.

We use publicly available datasets and fol-
low the same evaluation protocol across methods
to support controlled comparison. Since safety
behavior can vary across deployment contexts,
models trained with HEAL should still undergo
application-specific safety testing before real-world
use.
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