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Abstract

Refusal refers to the functional behavior enabling safety-
aligned language models to reject harmful or unethical
prompts. Following the growing scientific interest in mech-
anistic interpretability, recent work encoded refusal behav-
ior as a single direction in the model’s latent space; e.g.,
computed as the difference between the centroids of harm-
ful and harmless prompt representations. However, emerg-
ing evidence suggests that concepts in LLMs often appear to
be encoded as a low-dimensional manifold embedded in the
high-dimensional latent space. Motivated by these findings,
we propose a novel method leveraging Self-Organizing Maps
(SOMs) to extract multiple refusal directions. To this end, we
first prove that SOMs generalize the prior work’s difference-
in-means technique. We then train SOMs on harmful prompt
representations to identify multiple neurons. By subtracting
the centroid of harmless representations from each neuron,
we derive a set of multiple directions expressing the refusal
concept. We validate our method on an extensive experimen-
tal setup, demonstrating that ablating multiple directions from
models’ internals outperforms not only the single-direction
baseline but also specialized jailbreak algorithms, leading to
an effective suppression of refusal. Finally, we conclude by
analyzing the mechanistic implications of our approach.

Code — https://github.com/pralab/som-refusal-directions
Extended version — https://arxiv.org/pdf/2511.08379

1 Introduction

The use of extensive data while training Large Language
Models (LLMs) introduces safety challenges, as harmful
content is inevitably included and exposes models to poten-
tial misuse through the elicitation of restricted outputs (Wei
et al. 2022; Carlini et al. 2023). While safety alignment
procedures are designed to mitigate these risks and enable
models to refuse harmful prompts (Bai et al. 2022; Tou-
vron et al. 2023), LLMs remain susceptible to jailbreak
attacks bypassing such safeguards (Zou et al. 2023; An-
driushchenko, Croce, and Flammarion 2025). In response,
a growing body of work has sought to explore why safety
alignment fails by connecting such a refusal behavior to

*These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Single and multiple directions in the representa-
tion space of Llama2-7B. While SD (left) captures a single
view of refusal, our MD (right) approach, via a 4x4 SOM,
enables a multi-faceted perspective of refusal, and, thus, a
higher Attack Success Rate (ASR).

models’ activation space. Following the linear representa-
tion hypothesis (Park, Choe, and Veitch 2024), positing that
concepts are represented as single linear directions, refusal
has been encoded by subtracting the centroid of harmless
prompt representations from that of harmful ones. This sin-
gle direction (SD), capturing the shift in model representa-
tions associated with refusal, has been shown to induce jail-
break when ablated from the model’s internals (Arditi et al.
2024). However, advances in mechanistic interpretability
have questioned the general adequacy of the single-direction
view, showing that semantic and functional concepts—such
as days (Engels et al. 2025), trigonometric (Kantamneni
and Tegmark 2025), and other broader concepts (Modell,
Rubin-Delanchy, and Whiteley 2025)—are not captured by
a single direction, but instead span low-dimensional mani-
folds in high-dimensional spaces. These manifolds are of-
ten composed of multiple, closely related directions that
jointly express different facets of a concept, challenging the
single-direction view and motivating new methodologies to
uncover and characterize these multi-dimensional perspec-
tives (Olah and Jermyn 2024). Despite this paradigm shift,
existing work on refusal is mostly confined to the single-
direction framework (Arditi et al. 2024), or focused on or-
thogonal multiple directions that may represent disjoint sub-
components of refusal (Wollschläger et al. 2025; Pan et al.
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2025). These approaches overlook that refusal may be en-
coded into a higher-dimensional manifold spanned by mul-
tiple directions in representation space.
To address this gap, we propose a novel multi-directional

approach for encoding and suppressing refusal behavior in
LLMs. Central to our method are Self-Organizing Maps
(SOMs), whose ability to capture high-dimensional struc-
tures enables the discovery of multiple closely related di-
rections, facilitating more effective refusal suppression. In
detail, following the SD design, based on the difference be-
tween harmless and harmful prompts’ centroids, we first
prove how a single neuron SOM generalizes the stan-
dard centroid computation. Then, we present our multi-
directional (MD) approach, previewed in Fig. 1. Specifi-
cally, we train a SOM on internal representations collected
at the generation step following harmful prompts, where re-
fusal behavior is first expressed in the model’s activations.
Then, each SOM neuron encoding a localized region of the
harmful distribution is translated into a direction by subtract-
ing the harmless centroid, thus generalizing the SD mea-
sure, and obtaining a set of candidate directions for abla-
tion. We then explore these directions using Bayesian Opti-
mization (Snoek, Larochelle, and Adams 2012), finding the
ones to ablate from the model for effectively bypassing re-
fusal. We evaluate MD on an extensive experimental setup,
demonstrating that MD not only outperforms the single di-
rection baseline, but also surpasses dedicated jailbreak algo-
rithms. Overall, our contributions are:

i) we prove how SOMs generalize the centroids, and pro-
pose our novel MD approach (Section 3);

ii) we show how MD significantly outperforms both the SD
baseline and purpose-built jailbreak attacks (Section 4);

iii) we conduct a mechanistic analysis, showing that MD
compresses and shifts harmful representations, approx-
imates the refusal manifold via SOMs, and yields closely
related directions (Section 5).

Collectively, our findings advocate for a multi-directional,
manifold-level perspective of refusal, providing new tools
to analyze and advance the robustness of LLMs’ safeguards.

2 Single Refusal Direction

Safety alignment enables models to refuse the generation of
harmful content. Such a behavior has been interpreted as a
Single Direction (SD) in representation space (Arditi et al.
2024), ablated from the model’s internals. In this section, we
first introduce the notation to characterize LLM’s internal
representations. Then, we define the ablation operator and
describe how it has been used for a single refusal direction.

LLM Representation Space. Let f : V→ → R|V| be
a token predictor, where V→ represents the set of tokens’
sequences of any length. An LLM is an auto-regressive
model LLM : V→ → V→ that, given an input token se-
quence t = (t1, . . . , tn) of length n(t), generates a se-
quence of output tokens (o1, . . . , om(t)) of length m(t),
where oi+1 = f ([t,o1:i]), and [•; •] represents the concate-
nation of prompts.

Without loss of generality, we can assume that V ↑ Rd,
i.e., that tokens are embedded in the latent space of the
model, and that the token-predictor f can be decomposed
into L + 1 layers f = f (L+1) ↓ f (L) ↓ · · · ↓ f (1) with ho-
mogeneous inner state dimension d. Importantly, each layer
f (l), for l ↔ L, includes a multi-head self-attention mecha-
nism and a fully connected layer, while f (L+1) performs a
token-wise aggregation of the last representation and returns
a vector of length |V|. For any token sequence p ↗ V→, and
for each layer l ↔ L, we define the l-latent representation
as:

x(l)(p) = (f (l) ↓ · · · ↓ f (1))(p) ↗ Rn(p)↑d, (1)

where x(0)(p) = p. Accordingly, x(l)(t), represents the
l-latent representations relative to the input tokens t, thus
prior to the output tokens generation, while, x(l)(p) for
p = [t;o1:i], represents the l-latent representations during
the generation of the i+ 1-output token.

Concept and Ablation Operators. Following Wehner et al.
(2025), inner states of an LLM can be manipulated by lever-
aging a concept operator !(l) that can be either applied to
activations or weights at a given layer l to steer the gener-
ation towards/against a specific concept (e.g., avoiding re-
fusal of harmful content). Formally, steering can be per-
formed by applying the operator ! at the output of each
layer, obtaining a steered model defined as:

(!f) := f (L+1) ↓! ↓ f (L) ↓ · · · ↓! ↓ f (1). (2)

Let us remark that in the above formulation, the same op-
erator ! is applied uniformly to all the layers. Interestingly,
a specific instance of concept operators has been proposed
in (Arditi et al. 2024) to manipulate refusal. In detail, such an
operator allows implementing linear projections in the rep-
resentation space to ablate a direction representing, in this
case, the refusal concept. We refer to this specific mecha-
nism as Ablation Operator, defined in the following.
Definition 1 (Ablation Operator). Let r ↗ Rd be a non-zero
direction in representation space. The ablation operator ”r

projects latent representations onto the linear space orthog-
onal to r as:

”r(x) := x↘ x r̂r̂T , ≃x ↗ R→↑d, (3)

where r̂ = r
↓r↓2

is the rescaled direction.

Ablating Refusal Direction from Centroids. Follow-
ing Arditi et al. (2024), encoding refusal as a single direc-
tion amounts to first computing the centroid of harmful and
harmless prompts relative to the latent representations of the
last token window, as follows:

µ(l) = EDhf

[
x(l)
n(t)(t)

]
, ω(l) = EDhl

[
x(l)
n(t)(t)

]
, (4)

where Dhl and Dhf are the distributions of, respectively,
harmless and harmful prompts, and x(l)

n(t)(t) is the last token
representation deduced after processing the input tokens and
before the generation process has started. The refusal direc-
tion r(l), computed at the layer l, can then be deduced as
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r(l) = µ(l) ↘ ω(l) and ablated through Eq. (3). In practice,
in (Arditi et al. 2024), a single refusal direction r = r(l

→)

is selected, and applied to all the layers during the genera-
tion of the output content. Hence, any given input prompt
is processed through the steered model ”rf , thus bypassing
refusal.

3 Multi-directional Refusal via SOMs

The steering strategy described above leverages an or-
thogonal projection with respect to a single direction
based on centroids. We describe here our multi-directional
(MD) steering procedure based on Self-Organizing Maps
(SOMs) (Kohonen 2013). We first outline the SOM learn-
ing process and demonstrate that the centroid measure rep-
resents a particular SOM case (Section 3.1). Then, we de-
scribe the proposed MD approach generalizing SD, which
trains a SOM on the harmful prompt representations and al-
lows creating multiple directions (Section 3.2).

3.1 Self-Organizing Maps

SOMs aim at encoding a data manifold X ⇐ Rd, into a set
of vectors {wω}ω↔I ↑ V , named neurons, indexed by a fi-
nite set I (i.e., a Lattice). Following (Kohonen 2013), the
learning algorithm starts from an initial choice of neurons,
{w(0)

ω }ω↔I , randomly distributed in the feature space Rd, or
in the two-dimensional plane spanned by the first two prin-
cipal components of X . At the iteration t, an input x(t) ↗ X
is randomly sampled, and each neuron wω is updated as:

w(t+1)
ω = w(t)

ω + εt ϑ
(
ϖ→(x(t)), ϖ

)(
x(t) ↘ w(t)

ω

)
, (5)

where: ϖ→(x(t)) ↗ I is the index of the closest neuron to x(t)

in Euclidean norm—a.k.a, Best Matching Unit (BMU); the
function ϑ : I ⇒ I → [0, 1] is a neighborhood function that
has maximum in ϖ = ϖ→(x(t)) (e.g., a Gaussian centered in
ϖ→(x(t))); and {εt}t is a learning rate, i.e. a not-increasing
sequence of positive numbers.

1-Neuron SOM Convergence. The following Proposition
shows that in a SOM consisting of a single neuron w, the al-
gorithm in Eq. (5) gets arbitrarily close to the centroid of the
data manifold, µX = Ex↗X [x]. Henceforth, let us assume
that the distribution has a limited second momentum, and let
ϱX := Ex↗X [⇑x↘ µX ⇑2] be the total variance of X .
Proposition 1 (Centroid Convergence of 1-Neuron SOM).
Let |I| = 1, and let w(t) be the neuron deduced by applying
the procedure in Eq. (5). If εt ⇓ ε, with ε < 1

2 , then

⇑w(t) ↘ µX ⇑ ↔ (1↘ ε)t⇑w(0) ↘ µX ⇑+ εϱX , (6)
i.e., the only neuron of the SOM is arbitrarily close to the
centroid of the distribution.

Proof. (Sketch) The proof can be decomposed into two
steps. First, we show that, for single neurons, the update rule
described in Eq. (5) coincides with a stochastic gradient de-
scent applied to a minimum problem with a strictly convex
objective function. Then, we can assess the convergence of
the algorithm to the minimum, which is the centroid of the
data manifold X , leveraging classical results.

We conclude by noting that, in an idealized setting where
elements of X can be sampled without replacement, using a
learning rate εt =

1
t with w

(0) = 0 leads the 1-neuron SOM
to converge exactly to the empirical centroid in T = |X |
steps, i.e., w(T ) = µX . However, for standard SOMs with
multiple neurons, such a setting is not suitable, due to the
complexity of neighborhood interactions (Kohonen 2013).

Why Self-Organizing Maps?We leverage SOM clustering
due to its suitability under mild assumptions about the un-
derlying data distribution, which makes it applicable to var-
ious tasks; e.g., genomic (Tamayo et al. 1999) and anomaly
detection (Lanciano et al. 2020). Other methods, such as k-
means clustering, implicitly assume spherical clusters cen-
tered around learned centroids. While k-medoids relaxes
this assumption by allowing for non-isotropic distance mea-
sures, these are typically fixed and do not adapt to the local
structure of the data (Hastie et al. 2009). In contrast, SOMs
organize neurons on a two-dimensional lattice that preserves
the topological structure of the data manifold: i.e., clusters
that are close in the input space are mapped to adjacent neu-
rons in the lattice (Kohonen 2013).

3.2 Multi-directional Ablation

Our SOM-based approach aims to model the refusal mani-
fold by mapping the underlying harmful prompts activation
space, resulting in a set of neurons capturing a localized re-
gion of the manifold. From these neurons, we derive a set
of directions that collectively represent the diverse and nu-
anced structure of refusal in the model’s activation space.
We describe such an approach, named MD, in Algorithm 1,
and discuss its process in the following paragraphs.

Algorithm 1: SOM-based MD ablation.
Input : Dhl,Dhf, harmless and harmful prompts; f ,

target model; l→, target layer; k, number of
directions; J , judge model.

Output: Steered model with ablated directions !f
1 Xhf ⇔ {x(l→)(t)[↘1] | t ↗ Dhf} ς HF Repr.
2 Xhl ⇔ {x(l→)(t)[↘1] | t ↗ Dhl} ς HL Repr.
3 ω ⇔ Centroid(Xhl) ς HL Centr.
4 {wω}ω↔I ⇔ SOM(Xhf) ς Neurons
5 rω ⇔ wω ↘ ω, ≃ϖ ↗ I ς Directions
6 {r→i }ki=1 ⇔ BO({rω}ω↔I ,J , f, k) ς BO Search
7 ! ⇔ ”r→1 ↓ · · · ↓”r→k

ς Operator
8 return !f ς Steered Model

Extracting Internal Representations. Following Arditi
et al. (2024), we select the best layer l→ whose ablation leads
to the lower probability of generating refusal tokens (e.g.,
“Sorry, I cannot...”). Then, we collect the internal represen-
tations of both harmful X (l→)

hf and harmless X (l→)
hl prompts

(Line 1 and Line 2). Importantly, these activations are col-
lected after the full input prompt has been processed and
immediately before output generation begins. This token po-
sition is particularly relevant, as refusal behavior is first ex-
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pressed in the model’s internals, making it a relevant loca-
tion for identifying its mechanistic signature.

Computing Multiple Directions via SOMs. Given X (l→)
hl ,

we then compute the harmless centroid ω using Eq. (4)
(Line 3). We then train a SOM on Xhf (Line 4), as these
are the most direct carriers of refusal behavior. We find, in-
stead, representations of harmless prompts to be more ho-
mogeneous, making a single centroid sufficient. As a result,
extending the discussion in Section 3.1, we obtain a set of
neurons {wω}ω↔I capturing local regions of the input re-
fusal manifold. These become the foundation for construct-
ing multiple refusal directions rω, by subtracting from each
neuronwω the centroid of harmless prompt representations ω
(Line 5). Hence, this procedure yields a set of |I| directions
R = {rω}ω↔I encoding different facets of refusal behavior.

Direction Search and Ablation. The set of directionsR can
be viewed as a pool of candidates for ablation, with their to-
tal number determined by the lattice cardinality |R| = |I|
(e.g., with a 4 ⇒ 4 SOM grid, |I| = 16). We are interested
in finding the k directions that more effectively suppress re-
fusal when ablated. Given a judge J : V→ ⇒ V→ → {0, 1},
determining if a model’s response is harmful and complies
with the request (1) or not (0), the search for the optimal
directions amounts to solving:

max
r1,...,rk↔R

EDhf
[J (t, ô)] (7a)

s.t. ôi+1 = !f ([t, ô1:i]) , ≃i (7b)
! = ”r1 ↓ · · · ↓”rk , (7c)

where ô is the content generated by the steered model !f .
Given the combinatorial nature of this problem, exhaustive
search quickly becomes intractable as k increases. We there-
fore approximate the optimal solution using Bayesian Opti-
mization (BO) (Snoek, Larochelle, and Adams 2012), which
efficiently explores the discrete search space by modeling
the attack success rate as a black-box objective over direc-
tion subsets. We apply BO over a validation set of harmful
prompts for a specific number of trials (Line 6). At each trial,
k directions are sampled fromR, the corresponding operator
! is applied to f , and the resulting attack success rate guides
the next selection. Given the best set {r→i }ki=1, we can now
define our concept operator ! = ”r→1 ↓ · · · ↓ ”r→k

(Line 7).
Then, following Eq. (2), we deduce the steered model !f
by applying the operator at the output of each layer (Line 8).

4 Experiments

We describe here the experiments used to validate MD. First,
we report our experimental setup in Section 4.1. Then we
present the main results in Section 4.2.

4.1 Experimental Setup

Models and Judge.We consider seven safety-aligned mod-
els, Llama-2-7B-chat-hf, Llama-3-8B-Instruct, Qwen-7B-
Chat, Qwen-14B-Chat, Qwen2.5-3B-Instruct, Qwen2.5-7B-
Instruct, Gemma2-9B-it, and one robust model implement-
ing the Representation Rerouting (RR) defense, Mistral-7B-

RR (Zou et al. 2024). Each model is evaluated using its de-
fault system prompt and formatting template, with full pre-
cision. The attack success rate (ASR) is calculated as the
rate of completions classified as successful (i.e., harmful re-
sponse is compliant with the harmful prompt) by a judge
model, which we choose to be HarmBench-Llama-2-13B-
cls from (Mazeika et al. 2024).

Datasets. We compute the SD harmful centroid, and train
the SOM for MD on 4000 harmful prompts from SORRY-
BENCH (Xie et al. 2025). We compute the harmless centroid
for both SD and MD on 6000 harmless prompts from AL-
PACA (Taori et al. 2023). Tests are performed using the 159
HARMBENCH (Mazeika et al. 2024) “standard” prompts.

MD. In our MD method, we employ hexagonal topology
SOMs with a 4 ⇒ 4 lattice (|I| = 16), and train for
T = 10 000 iterations. The learning rate follows the sched-
ule εt = ε0/(1 + 2t/T ), with ε0 = 0.01.We employ a
Gaussian neighborhood function ϑ with standard deviation
ϱ = 0.3 . To identify the most effective k directions from
the |I| = 16 SOM candidates, we employ Bayesian Op-
timization on the HARMBENCH validation set with a Tree-
structured Parzen Estimator (TPE) sampler (Bergstra et al.
2011). We use k ↗ [2, 7] in our experiments, and run the
search for 128 (k ↔ 3) or 512 (k > 3) trials. We find such a
setup to be a good compromise between computational cost
and efficiency.

Competing Methods. We compare MD to refusal suppres-
sion methods and jailbreak algorithms. Refusal suppres-
sion approaches, like MD, ablate refusal directions. We thus
first compare with SD, discussed in Section 2, and RDO,
presented in (Wollschläger et al. 2025). RDO proposes a
loss formulation to optimize the refusal direction from an
orthonormal basis, identifying multiple distinct directions.
However, directions are ablated only individually. When re-
ferring to this approach, we ablate the most effective found
direction. Then, we compare MD with jailbreak algorithms
such as GCG (Zou et al. 2023) and SAA (Andriushchenko,
Croce, and Flammarion 2025). GCG is the leading attack
in the HARMBENCH leaderboard, while SAA has later been
shown to outperform it. These attacks operate under a differ-
ent and stronger setting, as they implement a gradient-based
optimization for each harmful prompt, rather than provid-
ing a universal (i.e., for all harmful prompts) direction in
representation space mediating refusal. By comparing re-
fusal suppression methods (including our MD) against these
prompt-specific attacks, we aim to provide a comprehensive
picture of model robustness.

4.2 Results

In this section, we compare the effectiveness of MD against
competing methods and analyze how attack success rate
varies with increasing numbers of ablated directions.

MD against SD and Jailbreak Algorithms. In Section 4.2,
we report attack success rates across all considered models,
using the best fromMD-2 toMD-7 (i.e., ablating from two to
seven directions), found using Algorithm 1 for each model.
Our method achieves the highest ASR on all 8 models when
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Model MD SD RDO GCG SAA

LLama2-7B 59.11 0.0 1.25 32.70 57.90
LLama3-8B 88.05 15.09 32.07 1.90 91.20

Qwen-7B 88.05 81.13 83.01 79.30 82.40
Qwen-14B 91.82 74.84 45.91 82.40 83.01
Qwen2.5-3B 93.71 88.05 89.30 40.25 81.76
Qwen2.5-7B 95.97 77.98 76.10 38.36 94.30
Gemma2-9B 96.27 38.93 91.82 5.03 93.71
Mistral-7B-RR 25.79 5.03 1.25 0.6 1.6

Table 1: ASR of MD against refusal ablation methods (SD
and RDO) and jailbreak attack algorithms (GCG and SAA)
on HARMBENCH.

compared to refusal suppression baselines (SD and RDO),
confirming the effectiveness of suppressing refusal through
multiple directions. In some cases, MD outperforms SD by
large margins (e.g., 73% in Llama3). Also, while RDO im-
proves over SD or matches its performance, MD still out-
performs it across all models. Notably, on Llama2-7B, MD
achieves 59.11% while both SD and RDO have negligible
results.1 When compared to jailbreak methods, MD is still
found to be more effective than both GCG and SAA, with the
only exception being the SAA comparison on LLama3-8B.
In general, we find both SAA and GCG to be highly chal-
lenged and almost entirely outperformed, especially on the
defended Mistral-7B-RR model. This model, implementing
a representation rerouting (RR) under jailbreak, withstands
all methods and attacks with the exception of the 25.79%
ASR of MD. This result indicates that MD is capable of re-
versing, up to a certain extent, the RR mechanism. These
results are especially relevant since GCG and SAA craft
prompt-specific adversarial examples. In contrast, MD finds
a universal set of multiple directions suppressing refusal for
each given prompt.

AnalyzingMDwith Increasing Ablated Directions. In Ta-
ble 2, we show how performance evolves as we increase
the number of ablated directions k from 2 to 7 (i.e., from
MD-2 to MD-7) across all models and over multiple judge
evaluations. Each MD-k configuration corresponds to a sep-
arate BO search to identify the best combination from the
|I| candidates. We specify the base model ASR without any
ablation and the layer l→ used for computing refusal direc-
tions, typically found in mid-architecture. We observe that
the ASR improves with increasing numbers of ablated di-
rections, especially on Llama2-7B (from 7.5% to 59.11%)
and Qwen-14B (from 75.47% to 91.82%). Notably, across
all models, we find the best ASR around MD-5, MD-6, and
MD-7. Clearly, as the number of k directions increases, the
BO search space is likewise enlarged. While we find 512 tri-
als to be a good complexity-efficiency compromise for high
k, few models, such as Mistral-7B-RR, reach a plateau at
MD-5. Hence, it becomes evident that the search process
must be tailored depending on the model at hand. In conclu-

1Arditi et al. (2024) report the LLama2-7B result as 22.60%,
but we failed to reproduce such a value with our setup.

sion, the high ASR of Table 2 and Section 4.2, along with its
growing trend, highlights the quality of the proposed MD.

5 Mechanistic Analysis

We analyze here the mechanistic implications of our MD ap-
proach. First, we show that ablating directions compresses
the harmful prompts representations, additionally shifting
them towards harmless prompts distributions. Then, we ob-
serve how the SOMs effectively arrange the neurons to map
the underlying manifold. We then conclude by analyzing the
directions, which we find to be closely related.

MD Effect on Internal Representations. To analyze the
implicit effect of MD on models’ internals, we compare the
representations from the original model (no ablation) with
those obtained through progressive MD ablation. Fig. 2 pro-
vides a PCA visualization of these effects on the Llama2-7B
model with MD-2, MD-4, and MD-7 ablation, highlighting
the emergence of two prominent effects. First, we observe a
significant reduction in the intra-cluster variance (ϱ), com-
puted as the average Euclidean distance of data points to
their respective class centroids (HL or HF). This is particu-
larly pronounced for harmful prompts, where the variance is
reduced from ϱ = 5.85 (no ablation) to ϱ = 1.25 (MD-7).
Such a marked gap indicates that the MD directions likely
eliminate dimensions responsible for encoding the variabil-
ity within harmful representations. Second, we observe a
clear reduction in the Euclidean distance between the cen-
troids of harmful and harmless prompts (#µ). Specifically,
the distance decreases from 8.82 (no ablation) to 2.18 (MD-
7). This means that, under progressive MD ablation, the in-
ternal activations associated with harmful inputs become in-
creasingly similar to those of harmless prompts, effectively
suppressing refusal behaviors. We consistently observe these
patterns across all models and MD combinations.

Visualizing SOMs on Internal Representations. The in-
tuition behind our use of SOMs lies in their ability to con-
struct a mapping of the input manifold. While the refusal
manifold itself is not directly observable, we approximate it
by collecting the model’s internal representations of harm-
ful prompts immediately after the full input has been pro-
cessed and just before generation begins. At this point in
the forward pass, when the model is about to express refusal
behavior, we expect to capture a rich and structured encod-
ing of refusal. Thus, by aggregating these harmful prompt
representations, we form a functional proxy for the refusal
manifold. We show in Fig. 3 a 3D PCA visualization of a
SOM trained on 4000 harmful prompt representations from
SORRYBENCH in four different models. Across all models,
we observe that the 16 SOM neurons effectively cover the
high-density regions of the distribution, with minimal over-
lap and good separation. This demonstrates that SOMs (and
MD) can span the refusal manifold, motivating its use and
suggesting that single directions might be insufficient.

Analysis of MD Directions. To better understand the inter-
nal structure of the directions extracted by MD, we analyze
their pairwise relationships using cosine similarity, includ-
ing the SD baseline. In Fig. 4, we report the similarities
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Model l→/L No Ablation MD-2 MD-3 MD-4 MD-5 MD-6 MD-7

LLama2-7B 13/32 0.0±0.0 7.5±0.18 25.79±0.42 45.92±0.55 54.72±0.38 55.97±0.29 59.11±0.33

LLama3-8B 11/32 0.0±0.0 82.38±0.25 86.16±0.25 86.16±0.30 86.16±0.31 88.05±0.22 88.05±0.11

Qwen-7B 16/32 43.40±0.62 83.64±0.44 86.16±0.27 87.42±0.35 88.05±0.22 87.42±0.41 86.80±0.38

Qwen-14B 22/40 45.62±0.58 75.47±0.52 88.68±0.31 91.20±0.19 91.20±0.24 91.82±0.16 91.82±0.21

Qwen2.5-3B 24/36 12.50±0.35 89.31±0.28 90.56±0.33 92.45±0.26 93.71±0.18 93.71±0.22 93.71±0.19

Qwen2.5-7B 18/28 18.12±0.47 89.31±0.36 94.33±0.24 93.08±0.29 94.97±0.21 93.81±0.32 95.97±0.15

Gemma2-9B 23/42 7.18±0.23 93.08±0.27 93.71±0.20 94.97±0.18 95.60±0.14 96.27±0.12 94.97±0.25

Mistral-7B-RR 23/32 0.0±0.0 16.35±0.41 20.12±0.48 20.75±0.39 25.79±0.52 20.75±0.46 18.25±0.44

Table 2: ASR of MD on HARMBENCH for increasing ablated directions. In “No Ablation” we indicate the ASR of the model
without ablation, and in l→/L, the layer l→ (with L denoting the total number of layers) at which the directions are computed.

Figure 2: 3D PCA of Llama2-7B internals. As we ablate directions, harmful prompts are represented by the model with reduced
variance (ϱ) and approach harmless distribution (measured by the Euclidean distance between the centroids, #µ).

between all pairs of directions (rω) and the corresponding
SD for the given model. Each row and column index cor-
responds to the position of SOM neuron on the 4 ⇒ 4 lat-
tice from which the direction has been generated, while the
first row/last column represents SD. We observe that several
MD directions are moderately or strongly aligned with each
other and with SD. This pattern indicates that the proposed
approach enables finding a set of coherent directions, which
are neither fully redundant nor strictly orthogonal. This in-
sight directly challenges the assumption adopted in works
such as RDO (Wollschläger et al. 2025), which constructs
an orthonormal basis to represent refusal. Thus, enforcing
orthogonality may be restrictive or even counterproductive,
potentially discarding directions that are semantically mean-
ingful but geometrically aligned.

6 Related Work

Jailbreak in LLMs. Jailbreak attacks have been shown to
be an effective method for bypassing the refusal of safety-
aligned models. Among the first automated techniques,
GCG (Zou et al. 2023) introduces an effective gradient-
based approach to generate adversarial suffixes optimized
for each prompt and eliciting harmful responses. Improving
over GCG, SAA (Andriushchenko, Croce, and Flammarion
2025) relies on a predefined template including an adver-
sarial suffix optimized for each prompt via random search,
outperforming GCG. Unlike these methods, our work does
not propose a new jailbreak attack optimizing adversarial
perturbations for each prompt, but instead investigates the
internal mechanisms enabling refusal. We thus find multiple

directions mediating refusal universally for each prompt, in-
creasing the relevance of our empirical results.

Mechanistic Interpretability. A key assumption charac-
terizing mechanistic interpretability in LLMs is the Lin-
ear Representation Hypothesis, positing that high-level con-
cepts are encoded as linear directions in models’ activa-
tions (Mikolov, Yih, and Zweig 2013; Elhage et al. 2022;
Nanda, Lee, and Wattenberg 2023). Recent work, however,
has begun to challenge such a hypothesis. Engels et al.
(2025) have shown that simple entities such as days and
months are encoded circularly, while studies on trigonom-
etry have found numbers represented as a generalized he-
lix (Kantamneni and Tegmark 2025), or as a circle (Levy
and Geva 2025). These findings collectively suggest that
concepts may be better understood as manifolds (i.e., struc-
tured regions in activation space) rather than a single direc-
tion. Recent work by Modell, Rubin-Delanchy, and White-
ley (2025) has introduced a generalized manifold formalism,
while Olah and Jermyn (2024) have argued that multiple
similar directions jointly express different facets of a con-
cept, motivating new methodologies for identifying families
of semantically related directions. We build on these insights
and embrace the perspective of multi-directional, manifold-
oriented encoding of refusal, using SOMs to identify multi-
ple related directions.

From Single to Multiple Refusal Directions.Modeling re-
fusal as a single direction was first proposed by Arditi et al.
(2024). Subsequently, Pan et al. (2025) compared the inter-
nals of a Llama3-8b before and after safety alignment. They
extract orthogonal components through SVD, finding dis-
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Figure 3: 3D PCA of SOM neurons on harmful prompts’ internal representations. Across all models, SOMs organize neurons to
span the underlying manifold, covering the entire space. Black lines connect neighboring neurons according to the SOM grid.

(a) (b)

Figure 4: Cosine similarities across MD directions (and SD)
on LLama2-7B (left) and Qwen-14B (right) models. The di-
rections are strongly aligned with each other, indicating the
offered multi-faceted, coherent perspective of refusal.

tinct features such as narrative and role-playing. While this
admits the existence of more directions, the study is analyt-
ical in nature and does not propose a method bypassing the
refusal to compare with. Furthermore, by enforcing orthogo-
nality, the directions represent distinct concepts contributing
to refusal, rather than modeling the underlying refusal man-
ifold. In parallel, Wollschläger et al. (2025) investigate the
geometry of refusal starting from a basis vector optimized
via a gradient-based approach and forming an orthogonal
frame of directions (i.e., a cone), and evaluate the effective-
ness of ablating each of these directions one by one. Sim-
ilarly to Pan et al. (2025), the reliance on orthogonal com-
ponents prioritizes geometric separability rather than conti-
nuity of the refusal concept. Accordingly, as shown in Sec-
tion 4, we achieve higher ASR than RDO. As such, while
both approaches admit the existence of multiple directions,
they do not consider the possibility that refusal might be en-
coded as a manifold and expressed by multiple, closely re-
lated directions. In contrast, our work privileges this view
by leveraging SOMs to identify similar directions that span
over refusal, better aligned with recent findings, and leading
to an effective jailbreak success.

7 Conclusions and Future Work

We proposed MD, a novel multi-directional approach for en-
coding and suppressing refusal behavior in LLMs. By lever-
aging Self-Organizing Maps to compute multiple directions,
we have shown that refusal is better understood as a mani-
fold rather than a single direction in the model’s representa-
tion space. Our approach presents some limitations that fu-
ture work might address and improve. Firstly, we specify
that the Bayesian Optimization for identifying the best di-
rections might require a high number of trials as the search
space, dictated by k and |I|, increases. Future work may
explore more efficient or structured search strategies, adopt
gradient-based optimization, or improve BO by adopting
pruning algorithms during the search process to improve
scalability and speed. Secondly, we remark how both MD
and SD compute the directions at a specific layer l→, though
ablating them uniformly across all layers l. We believe that
this might miss layer-specific variations in refusal encoding,
suggesting how future work could improve this aspect and
improve the MDmethodology. Furthermore, such directions
are universal, as they mediate refusal for all prompts. Fi-
nally, we compute directions relying on a single harmless
centroid. This is first motivated by the high homogeneity
of harmless representations, but also by the increased num-
ber of directions that training a separate SOM for harm-
less prompts would induce. While we prioritize coverage
for harmful prompts and manageability for harmless ones,
future work might investigate the effectiveness of two sep-
arate SOMs. Also, while our method is tailored for refusal
behavior, the underlying principle of mapping a conceptual
manifold through SOMs and extracting multiple directions
holds promise for broader tasks. In conclusion, we used re-
cent insights from mechanistic interpretability to propose
a novel multi-directional approach for refusal suppression
by leveraging SOMs. We validated MD against competing
methods, demonstrating its effectiveness, and analyzed its
mechanistic implications. Our findings suggest that model-
ing LLM safety mechanisms through multiple, related direc-
tions—rather than a single one—offers a more faithful and
effective view of safety-related behaviors.
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