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Abstract

Refusal on harmful prompts is a key safety behaviour in
instruction-tuned large language models (LLMs), yet the in-
ternal causes of this behaviour remain poorly understood.
We study two public instruction tuned models—Gemma-2-
2B-IT and LLaMA-3.1-8B-IT using sparse autoencoders
(SAEs) trained on residual-stream activations. Given a harm-
ful prompt, we search the SAE latent space for feature sets
whose ablation flips the model from refusal to compliance,
demonstrating causal influence and creating a jailbreak. Our
search proceeds in three stages: 1. Refusal Direction - Find-
ing a refusal mediating direction and collecting SAE features
close to that direction, followed by 2. Greedy Filtering - to
prune this set to obtain a minimal set and finally 3. Inter-
action Discovery - a factorization-machine (FM) model that
captures non-linear interactions among the remaining active
features and the minimal set. This pipeline yields a broad set
of jailbreak-critical features, offering insight into the mech-
anistic basis of refusal. Moreover, we also find evidence of
redundant features which remain dormant unless earlier fea-
tures are suppressed. Our findings highlight the potential for
fine-grained auditing and targeted intervention in safety be-
haviours by manipulating the interpretable latent space.

Code —
https://github.com/Social-AI-Studio/LLM refusal interp

Extended version — https://arxiv.org/abs/2509.09708

Introduction
Refusal is a cornerstone safety behavior in aligned LLMs.
When presented with potentially harmful, illegal, or uneth-
ical requests, an aligned model is expected to decline to re-
spond, commonly through a refusal message such as “I’m
sorry, but I can’t help with that.” Yet public “jailbreak”
leaderboards continue to show that adversarial prompts can
bypass safety filters (Shen et al. 2025), while overly cau-
tious models sometimes decline perfectly benign requests
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(Xie et al. 2024; Röttger et al. 2023). These twin fail-
ure modes underline the need to understand and adjust
refusal behaviour mechanistically rather than relying on
trial-and-error alignment.

A growing body of literature demonstrates that care-
fully crafted text, prefix or multi-shot prompts can by-
pass guard-rails across model families (Wei, Haghtalab, and
Steinhardt 2023; Anil et al. 2024). Once a public exploit
emerges, safety teams must scramble to patch it, often tight-
ening filters in ways that exacerbate over-refusal.

Mainstream defences center on behavioural training -
supervised fine-tuning (SFT) and Reinforcement Learn-
ing from Human Feedback (RLHF, RLAIF) - combined
with post-hoc policy filters (Ouyang et al. 2022; Bai et al.
2022a,b). Although RL techniques improve harmlessness, it
inherits classic RL failure modes such as reward hacking and
brittleness under distribution shift (Skalse et al. 2022). Re-
cent reward-shaping schemes (Rafailov et al. 2023) alleviate
some issues, yet they remain iterative trial-and-error tweaks
to an opaque system, optimising outputs without revealing
why the model refuses or complies. Moreover, these meth-
ods require an auxiliary reward model and on-policy optimi-
sation, making them impractical at inference time, whereas
SAE or steering interventions add only a lightweight mask
in a single forward pass.

Mechanistic interpretability seeks to reverse-engineer
neural networks into human-understandable components.
Sparse autoencoders (SAEs) have become a key tool in this
agenda: by disentangling highly superposed vectors into a
moderately over-complete set of sparse latent features that
often align with semantic concepts (Bricken et al. 2023).
Recent work (Arditi et al. 2024) shows that ablating a sin-
gle residual-stream direction can flip refusals. Wollschläger
et al. (2025) find that the refusal mechanism is governed by
complex spatial structures. Another work by O’Brien et al.
(2024) shows that steering or ablating few SAE features can
flip refusal behavior on Phi-3 Mini. These findings suggest
that refusal is mediated by a sparse sub-circuit rather than a
diffuse behavioral mask.

At the same time, LLM computation exhibits substantial
redundancy: multiple, partially overlapping features can im-
plement the same logical function, a phenomenon dubbed
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the hydra effect (McGrath et al. 2023). When one head (fea-
ture) is severed by ablation, another may activate to pre-
serve the downstream behaviour. In our experiments we ob-
serve precisely this pattern: features we identify as critical
to refusal re-activate whenever a distinct precursor is re-
moved, implying a safety-critical network of “hydra-heads”
whose dependencies must be mapped jointly. Understand-
ing and managing this redundancy is essential for reliable,
feature-level alignment interventions. However, the standard
tool of linear probes implicitly models effects as weighted
sums of individual features - i.e., they assume each feature
contributes independently and linearly to the output. As a
result they cannot capture higher-order interactions, correla-
tions, conditional dependencies, or shared variance arising
from redundancy (Belinkov 2022; Bien, Taylor, and Tibshi-
rani 2013; Tan et al. 2023).

We address these gaps by tracing refusal back to causal
SAE features, and identifying feature correlations more
carefully. Our contributions can be summarized as follows:
1. The first end-to-end pipeline for locating causal refusal

features via SAEs and targeted ablation.
2. Introducing a factorization machine based approach to

recover related features.
3. Discovery of redundancy in LLM refusal mechanism.
4. Open-sourced code and feature indices to accelerate fu-

ture work on safe and interpretable LLMs.

Related Works
LLM Alignment
The goal of aligning large language models (LLMs) is to
ensure that outputs remain helpful, harmless, and consis-
tent with human preferences. A central behaviour shaped by
alignment training typically via reinforcement learning from
human feedback (RLHF) is refusal, in which the model de-
clines to answer unsafe or harmful prompts. This is often
implemented via fine-tuning or reward models that penal-
ize completions violating safety guidelines. Several studies
analyze refusal rates across domains (Ganguli et al. 2023),
examine adversarial vulnerabilities (Zou et al. 2023), or de-
velop red-teaming methods to test refusal robustness (Perez
et al. 2022). However, by focusing solely on refusal as an
observable outcome, these approaches overlook the funda-
mental question of which internal reasoning pathways actu-
ally produce this behavior.

Mechanistic Interpretability of Alignment
Mechanistic interpretability aims to open the black box of
neural networks by tracing how activations and weights im-
plement behavior (Olah et al. 2020; Elhage et al. 2021). In
alignment research, this includes identifying circuits respon-
sible for factual recall (Chughtai, Cooney, and Nanda 2024),
chain-of-thought reasoning (Dutta et al. 2024), or finding
safety-mediating neurons (Chen et al. 2024). Prior work has
shown that refusals can sometimes be controlled by manip-
ulating single activation directions (Arditi et al. 2024), and
that harmful and harmless prompts cluster distinctly in acti-
vation space (Jain et al. 2024). Lindsey et al. (2025) inves-
tigate the internal mechanisms behind model refusals on a

single jailbreak prompt, but do not arrive at a definitive ex-
planation. A recent work by O’Brien et al. (2024) proposes
clamping SAE features at inference time to steer refusal be-
havior, but also cautions that this intervention can degrade
the model’s overall performance. These results suggest that
refusal is driven by coherent internal structures, which com-
pel further analysis into what these structures are.

Sparse Autoencoders
A sparse autoencoder (SAE) is a neural network trained
to compress and reconstruct activations while encouraging
most latent units to remain inactive for any given input. This
sparsity constraint forces the model to learn a set of mean-
ingful, disentangled features that capture distinct patterns in
the data (Elhage et al. 2021; Sharkey, Braun, and Millidge
2022; Bricken et al. 2023; Templeton et al. 2024). The sparse
latents are more interpretable and monosemantic than direc-
tions identified by alternative approaches (Cunningham et al.
2023). Neuronpedia1 offers an actionable vocabulary inter-
preting these directions.

Given a hidden representation h ∈ Rd, its SAE recon-
struction is given by ĥ = Wdecf(Wench) , where Wenc
and Wdec are the encoder and decoder matrices, and f is
a sparse activation function2. For a set of target features
S ⊂ {1, . . . , k}, we zero-ablate their contribution by re-
placing the reconstructed vector with:

h̃ = Wdec
(
f(Wench)⊙ 1S′) +

(
h−Wdecf(Wench)

)
(1)

where each dimension of the sparse activation z =
f(Wench) ∈ Rk has a corresponding row in Wdec that con-
tributes additively to the reconstruction and interpreted as a
feature. 1S′ is a binary mask that zeros out all features in S.
This allows us to isolate the functional role of a sparse set of
latent dimensions in driving model refusal.

Experimental Setup
LLMs
We conduct our study on Gemma2–2B-Instruct and
LLaMA-3.1-8B-Instruct. Hereafter, we refer to the two
models as LLAMA and GEMMA in the paper for brevity.
The SAEs (Gemmascope and Llamascope) are available in
a range of sizes and sparsity settings. The settings used for
the experiments are available in Appendix section “Experi-
mental Setup”.

Dataset
1. Analysis: To identify the SAE latents that mediate re-

fusal, we use the Dharmful dataset curated by Arditi et al.
(2024), which aggregates harmful prompts from several
widely used safety datasets. We verify and filter the sam-
ples in Dharmful that do not elicit refusal on our models
tested.

2. Unsafe Taxonomy - Coconot: Brahman et al. (2024) in-
troduce a taxonomy of non-compliance, outlining when

1https://www.neuronpedia.org
2Bias terms are omitted for brevity
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Figure 1: Figure shows the steps involved in causal feature search. Trapezium shapes represent encoder and decoder of a SAE,
with the rectangular block in between representing the sparse encoder activations, where ablation is applied.

and how language models should refuse to comply
with user instructions. This taxonomy includes five cate-
gories: incomplete, unsupported, indeterminate, human-
izing, and unsafe prompts. In our analysis, we focus on
the unsafe prompts subset. Safety violations are further
subdivided into five categories: “Triggers for Offensive
Language”, “Dangerous or Sensitive Topics”, “False In-
formation”, “Privacy Violations”, and “Copyright Viola-
tions”, comprising a total of 2,586 samples.

SAE Feature Explanation through Neuronpedia

To interpret the discovered SAE features, we obtain natu-
ral language explanations from Neuronpedia, which uses a
GPT-4o-mini model to generate descriptions based on top
activating samples. These samples are drawn from a large-
scale dataset, which spans a wide range of text domains. We
retrieve explanations using the official Neuronpedia API3 ,
by querying each feature with its model, layer, and index
identifiers.

Safety Metric

Arditi et al. (2024) match against a set of phrases such as
‘I’m sorry’, ‘As an AI’ etc. to measure refusal. To asses
whether the completions contain harmful content, authors
also use LLAMA GUARD 2 (Team 2024). We find that de-
generate responses classified as safe by LLAMA GUARD
2 do not represent jailbreak. Also, string matching is lim-
ited by the set. For this reason we use HarmBench Classifier
model (Mazeika et al. 2024) to accurately determine harmful
responses and hence Jailbreak.

3https://www.neuronpedia.org/api/feature/{modelId}/{layer}
/{index}

Attack Success Rate (ASR)
We report Attack Success Rate (ASR) as the fraction of
harmful prompts that elicit non-refusal responses from the
model. We measure ASR on Dharmful. When reporting on
subsets of the data, we mention “Jailbreak success”, so as
not to confuse with the overall values.

Experiments
The observation that ablating a single steering direction
across layers is sufficient to jailbreak several aligned models
suggests that this direction carries safety-critical informa-
tion throughout the network. Furthermore, Jain et al. (2024)
show that hidden states for safe and unsafe prompts begin
to diverge from an early layer. These findings motivate the
following simple diagnostic: for each layer we compute the
cosine similarity between the residual-stream activation and
a refusal mediating direction, using Arditi et al. (2024)’s ap-
proach.

Applied to GEMMA and LLAMA, the diagnostic reveals
two consistent patterns (see Appendix Section “Preliminary
Analysis”):
1. Harmful-prompt activations show markedly higher sim-

ilarity to the steering vector than benign-prompt activa-
tions.

2. This similarity grows monotonically up to the layer at
which the steering vector is measured.

The early-layer alignment of harmful activations with the re-
fusal direction indicates that refusal is mediated by a sparse
sub-circuit that is amplified through the forward pass.

Guided by this insight, we propose a three-stage
causal-feature discovery pipeline:
1. Refusal mediating direction. Obtain an effective refusal

steering vector and select the top-K SAE features whose
decoders are most strongly aligned with it.
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Figure 2: Shown above is part of the computation flow in a decoder only LLM. Attached to a layer is a SAE. Square boxes
denote SAE encoder activations. Orange denotes ablated feature and green activated. Here, we demonstrate that ablating some
of the early layer features (orange) can activate (green) a set of features in a downstream layer. These downstream features are
causal to refusal in-spite of being not active in the first place. Shown on top right is the response (jailbroken) after ablating these
(orange+green) and on the bottom right is the safe response when these are not ablated.

Algorithm 1: Block-Wise Selection of a Faithful Latent Set

1: Input: Prompt p; candidate pool C; block size N ;
threshold τ

2: Output: Faithful latent set K
3: K ← ∅
4: while |C \K| ≥ N do
5: Draw a random block V ⊆ C \K with |V | = N
6: if ∆(p,K, V ) ≥ τ then
7: K ← K ∪ V
8: else
9: C ← C \ V

10: end if
11: end while
12: return K

2. Greedy filtering. Iteratively ablate features to obtain the
minimal subset whose removal flips the model from re-
fusal to compliance, thereby establishing direct causality.

3. Interaction discovery. Feed the remaining active features
and the minimal causal set into a factorization machine
to uncover additional features.

We detail the stages below:

Stage 1: Refusal Mediating Features
Our goal is to identify, for every harmful prompt s, a min-

imal set of SAE features Ms whose ablation is sufficient to
jailbreak the response. The procedure consists of two steps.

1. Deriving a refusal steering vector. Following Arditi
et al. (2024), we compute a steering vector v for each model
by taking the difference of residual-stream activations be-
tween (i) prompts that elicit a refusal and (ii) matched be-
nign prompts. Normalizing v yields a unit direction that con-
sistently nudges the model towards compliance when sub-

tracted from the residual stream. For details on how this di-
rection is derived, see section “Deriving a Refusal Steering
Vector” in Appendix. Sample jailbreak responses are avail-
able in section ”sample Jailbreaks” in Appendix.

2. Selecting a Top-K candidate set. For every SAE latent
z with decoder weight dz ∈ Rdmodel we compute the cosine
similarity cos(v,dz). We create a list of latents by taking
the top K in each layer as our initial candidate set LK =
{z1, . . . , zK}. We start with K=10 and increase in steps
of 10 until ablating LK successfully jailbreaks the prompt
(validated with the refusal classifier HarmBench (Mazeika
et al. 2024)). For Gemma we limit our analysis to K=200,
whereas for LLaMA a single step (K=10) results in degen-
erate responses. we find that Layers 1 and 2 typically encode
grammatical features and ablating them results in degenerate
responses. Thus we exclude these features corresponding to
these layers in stage 1.

Stage 2: Greedy Pruning To A Minimal Faithful Set
Arditi et al. (2024) observe that the probability assigned to
the first-person pronoun “I” at the final prompt position
tracks jailbreak success remarkably well. Using this finding,
starting from LK we iteratively remove features that do not
cause a substantial change to “I” token logit at output. Al-
gorithm 1 describes the pruning procedure, which is a sim-
plified variant of the incompleteness algorithm from Wang
et al. (2022).

Let C be the full top-K candidate pool of SAE features
and K = the set of features already accepted. At each itera-
tion we sample a block V ⊆ C \K of fixed size N . Define

P
(
p,A

)
= Pr

(
I | p, model ablated on A

)
,

the probability of emitting the token “I” for prompt p af-
ter ablating latent set A. The relative impact of ablating the

37833



Gemma LLaMA
Dharmful 861 861
ASR (no ablation) 4 71
ASR (after ablation) 0.33 0.70
Unique SAE Features 2538 110

Table 1: Jailbreak statistics for GEMMA and LLAMA using
features obtained after Stage 2.

block V is then
∆(p,K, V ) =∣∣∣P(p, C \K)
− P

(
p, C \ (K ∪ V )

)∣∣∣
P
(
p, C \K

) .
(1)

A higher ∆ implies a larger change in the “I” probability
and therefore greater faithfulness of the candidate block.

If ∆(p,K, V ) ≥ τ for a threshold τ , the subset is deemed
faithful and we update K ← K ∪ V ; otherwise V is dis-
carded. We fix N=5 and sweep the threshold from 0.1 to
0.8 in increments of 0.1. Also, for each threshold, we run the
greedy pruning algorithm for three random seeds and keep
only those features which are observed with all seeds.

Results. GEMMA’s most effective steering vector emerges
at layer 16, whereas for LLAMA it appears at layer 13.

After applying the pruning algorithm, we obtain 110
unique features for LLAMA and 2,538 features for
GEMMA, as summarized in Table 1. To semantically inter-
pret the range of concepts encoded by these features, we
retrieve their explanations from Neuronpedia and manually
group them into thematic categories.

We find that a subset of features encode concepts related
to harm and violence, while a majority, across both models
are associated with programming constructs and punctua-
tion. These frequently occur across the studied layers. We
hypothesize that this pattern may arise either due to limi-
tations of the dataset used for generating the explanations
or because these features encode general grammatical struc-
ture. Further analysis and grouped examples are presented
in Appendix Section “Feature-semantics”.

Stage 3 : Interaction Discovery
As a first sanity check we asked a seemingly simple ques-
tion: Do the jailbreak–critical features returned by Stage 2
actually fire on the very prompts for which they are deemed
causal? For every harmful prompt we inspected the raw
SAE activations and discovered— surprisingly—that several
(77 for LLaMA and 1656 for Gemma) “critical” features
were inactive (zero activation). Removing these inert fea-
tures and re-running the ablation caused the jailbreak to fail
(for LLaMA jailbreak success drops to 372 samples and for
Gemma 103 samples), demonstrating that apparently silent
units can still be necessary. The only plausible explanation
is that ablating some active features allows previously silent
features to switch on and compensate. This is direct evidence
of the non-linear hydra effect among jailbreak–critical fea-
tures; Figure 2 shows this effect. We study this phenomenon
in more detail in the next section.

Gemma LLaMA
Dharmful 861 861
ASR (no ablation) 4 71
ASR (after ablation) 0.31 0.57
Unique SAE Features 2702 556

Table 2: Jailbreak statistics for GEMMA and LLAMA using
features obtained after Stage 3.

Having established that a minimal causal set can recruit
additional units through interaction, we next map the re-
mainder of the causal neighborhood. To capture higher-order
dependencies we fit a second-order Factorization Machine
(FM) to the SAE activations, using a combined corpus of
Dharmful prompts and an equal number of benign samples
from ALPACA (dataset details in Appendix Section “Exper-
imental Setup”). Below, we briefly describe the FM formu-
lation.

Factorization Machines. Factorization Machines (FMs)
(Rendle 2010) are supervised learning models that unify
the advantages of linear regression and matrix factorization.
They are particularly effective in sparse, high-dimensional
settings such as recommender systems. FMs model not only
the linear effects of individual features but also capture pair-
wise feature interactions using low-dimensional latent vec-
tors.

For a feature vector x ∈ Rd, the prediction of a 2-way
factorization machine is given by:

ŷ(x) = w0 +

d∑
i=1

wixi +

d∑
i=1

d∑
j=i+1

⟨vi,vj⟩xixj (2)

Here, w0 ∈ R is the global bias, w ∈ Rd is the vector
of weights for individual features, and vi ∈ Rk is the i-
th latent embedding vector representing feature i, where k
is the dimensionality of the latent space. The dot product
⟨vi,vj⟩ captures the interaction between features i and j,
allowing the model to learn pairwise non-linear interactions
efficiently.

This formulation allows FMs to generalize matrix factor-
ization while also incorporating side information and high-
order interactions with linear complexity.

We experiment with FM embedding sizes of 5, 20, and
50. An embedding size of 5 yields overly similar feature
representations (cosine similarity > 0.9), indicating poor
expressiveness. Increasing to 20 provides more diverse and
meaningful embeddings. While size 50 offers marginal im-
provements, it incurs significantly higher training cost. We
therefore use an embedding size of 20 in all subsequent ex-
periments.

Results. We leverage feature activations at special tokens
following the user instruction, as these have been shown to
play a key role in driving refusal behavior (Zhao et al. 2025).
To identify meaningful additions to our feature set, we rank
the newly discovered features by computing the cosine sim-
ilarity between their Factorization Machine (FM) embed-
dings and those of the Stage 2 features. We then select the
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top-K features for ablation, sweeping K from 100 to 2000
in increments of 100.

For LLAMA, we observe that beyond K = 2000, model
outputs begin to degrade into degenerate or uninformative
responses. In contrast, GEMMA continues to produce jail-
break responses even beyond K = 2000. However, due
to computational constraints, we limit our experiments to
K = 2000. The results are summarized in Table 2. We note
that a finer-grained search over the similarity threshold may
uncover additional jailbreakable samples.

The observed drop in Attack Success Rate (ASR) com-
pared to Stage 2 can be attributed to the removal of redun-
dant features, which, while overlapping, appear to contribute
non-trivially to the success of jailbreaks.

We also analyze the semantic content of the newly added
features using Neuronpedia explanations. In LLAMA, Stage
3 introduces several features associated with legal or regula-
tory content, while a majority represent highly specific, non-
harm-related concepts, such as references to financial infor-
mation. A similar trend is observed in GEMMA, where Stage
3 surfaces more fine-grained and concrete feature represen-
tations. For a more detailed breakdown, refer to Appendix
Section “Feature Semantics”.

Analysis
We refer to features available after stage 2 as “Stage 2” fea-
tures and features added in stage 3 as “Stage 3” features.
Next, we examine how the features identified in Stage 3 in-
fluence the Stage 2 features.

Causal link between Stage 2 and Stage 3 features We
test two questions: (i) Are Stage 3 features alone sufficient
to jailbreak (i.e., independently causal for refusal)? (ii) How
strongly do Stage 3 and Stage 2 features causally influence
each other? On LLAMA, ablating only Stage 3 features jail-
breaks 330/372 (89%) of cases; on GEMMA, only 8 (3%).
For Stage 3→Stage 2 on LLAMA, ablating Stage 3 deacti-
vates on average 12% (up to 44%) of active Stage 2 features,
and reduces activation by 81% in the remainder, indicating a
strong dependency; on GEMMA, it deactivates only 3% with
no activation drop, suggesting a more diffuse mechanism.
Conversely, for Stage 2→Stage 3, GEMMA shows 100% de-
activation, while LLAMA shows 10% deactivation and a
32% mean activation drop in Stage 3 features.

We next compare Stage 3 features identified by FMs ver-
sus a linear probe.

Factorization Machines vs. Linear Probe To verify the
existence of non-linear feature interaction, we compare with
a linear probe trained on the same feature activations. This
time, we rank features by the magnitude of their learned
weights in a similar fashion and pick top-K features to con-
sider for ablation. We do this for LLAMA, using K ∈
{100, 500, 1000, 2000} and evaluate their ability to trigger
jailbreaks when ablated on Dharmful samples.

We find that these top-K features lead to jailbreak in sig-
nificantly fewer cases (only 101 samples) compared to the
FM-based approach. This suggests that refusal-inducing fea-
tures interact in a fundamentally non-linear manner. Next,
we investigate the redundant features we discussed above.

Redundant Features To analyze the redundant features,
we follow these steps:

1. From the features found in Stage 2, for each of the sam-
ples, we find which of the jailbreak critical features do
not fire.

2. Next, we ablate just the non-active set and record the im-
pact on jailbreak. If there is no impact, we discard such
samples from further analysis.

3. For the remaining set of samples, we ablate the active
feature set and record activations on non-active set, along
with the tokens on which they activate.

On LLAMA, we find that out of the redundant fea-
tures, 74% become active on system tokens after ablat-
ing the active set. Of these, approximately 97% fire on the
<|begin of text|> token. On GEMMA, we find that the
redundant features fire on a range of tokens but still <bos>
token records highest activity (16%) for these features.

To further investigate this, we obtain explanations for
these features from Neuronpedia and find that about 31%
contain text related to punctuation and programming syntax
on LLAMA. On GEMMA as well we find a number of fea-
ture explanations about programming and punctuation. We
also find some features related to harm and uncertainty.

To probe their causal role further, we steer the models by
clamping the above features to a higher positive value, on
the <bos> token for Gemma and <|begin of text|>
token for LLAMA, and presenting the model with other-
wise benign requests such as “Tell me a story” or “What are
the benefits of meditation?”. We find that on GEMMA, the
model responses indicate harm (e.g. “Meditation is a serious
and potentially harmful practice.”) for smaller values and re-
fusal for larger values (e.g. “Meditation is illegal and I will
not answer your question.”). We do not observe harmful re-
sponses on LLAMA but we do observe instances of token
“no” (e.g. “Meditation is a meditation is no no”) which may
indicate a tendency towards refusal. Example generations
are provided in Appendix Section ‘Redundant Features’; a
fuller exploration of this phenomenon is left to future work.

Comparison with random features To assess the signifi-
cance of the jailbreak-critical features identified, we perform
a control experiment using an equal number of randomly se-
lected active features for each prompt. We then compare jail-
break performance between the two settings. Ablating these
random features results in no jailbreak across samples for
LLAMA and 5 samples for GEMMA. This highlights that
the jailbreak-critical features play a meaningful and non-
random role in refusal behavior.

Model performance loss by ablating jailbreak critical
features To ascertain the downstream impact of ablating
these features on LLMs’ cross-entropy (CE) loss (see Ap-
pendix Section “Downstream Performance”), we compare
CE with and without feature ablation. The CE loss is slightly
higher with feature ablation compared to direction ablation,
as features represent a variety of directions and not just re-
fusal.
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Figure 3: The figure shows harm types based on the Coconot unsafe taxonomy and the count of feature activations against each
type (first four show individual types and remaining on the right show count of features which fire on multiple harm types.)

Causal feature finding using alternate methods O’Brien
et al. (2024) find refusal mediating features on Phi-3 Mini
model by selecting features activating on at least two tokens
on a harmful prompt. This is further filtered using a clamp-
ing hyperparameter search where the features are clamped
to a range of positive values. We adapt the first part of their
approach to do a hyperparameter search over different Ks
(features activating on at least k tokens). We do this over
each sample and ablate the features found. We obtain a max-
imum ASR of 0.1 on GEMMA and 0.07 on LLAMA. Refer
to Appendix Figure 1 for ASR across different k.

Next, we map the features found to a “safety specific non-
compliance” taxonomy.

Mapping causal features to unsafe taxonomy We map
each features found on LLAMA to one or more of the harm
categories on Coconot dataset by identifying non-zero acti-
vations on samples belonging to each category. The results
of this mapping are shown in Figure 3. We find that a major-
ity of the features activate on “Dangerous or Sensitive Top-
ics”, often in conjunction with one or more additional harm
types.

To validate these mappings, we conduct a human anno-
tation study comparing activation-based labels with human
interpretations of the features, derived from top activating
tokens and Neuronpedia explanations. We sample an equal
number of features that activate on a single harm category
and those that activate on multiple categories, along with a
matched number of randomly selected features. Annotators
are shown the feature explanation and top activating sam-
ples, and are asked to select all applicable harm categories
or choose “None”. Annotation details are provided in Ap-
pendix Section “Human Study”.

We employ three annotators and assign a final label based
on majority agreement (i.e., at least two annotators concur).
When compared to activation-based labels, we observe an
accuracy of 13.42%. We hypothesize that increasing the di-
mensionality of the SAE may yield more fine-grained and
disentangled features, thereby improving alignment with hu-
man intuition.

We hope that such mappings can inform more fine-
grained steering of model behavior, and that similar map-

pings can be constructed for other models as well. A more
comprehensive investigation along these lines is left to fu-
ture work.

Conclusion & Future Work
We present the first pipeline that combines SAEs with Fac-
torization Machines to isolate causal features governing
LLM refusal. FMs capture non-linear feature interactions
better than linear probes, enabling more precise ablation.
Our analysis also revealed redundant “hydra” features that
remain dormant until others are suppressed. A human study
maps these latent features to an established unsafe-prompt
taxonomy, laying groundwork for feature-level steering of
refusal behaviour.

In future work, we plan to (i) characterize the safety
benefits and risks of redundancy, (ii) evaluate how var-
ied jailbreak strategies—role-play, multi-turn coercion,
etc.—perturb the activation space (iii) analyze prompts that
consistently resist jailbreak to uncover protective circuits
and (iv) harden LLM refusal for specific reasoning types
(e.g., legal reasoning). These directions aim to advance
transparent and controllable safety mechanisms for next-
generation language models.

We hope that our findings inspire deeper mechanistic in-
vestigations into LLM refusal and lead to principled audits
of LLM safety, enabling answers to questions such as: “To
what extent is refusal driven by legal reasoning?” or “How
much do moral heuristics contribute to refusal decisions?”.

Limitations
• Generality. Our analysis focuses on two model sizes;

larger models remain to be tested.
• SAE stability. SAEs are sensitive to data and initializa-

tion; Paulo and Belrose (2025) report only ∼30% latent
overlap across seeds, motivating replication across mul-
tiple SAE runs.

• Computational cost. Searching for jailbreak-critical la-
tents and re-evaluating them across many benchmarks re-
quires thousands of forward passes; and we plan to ex-
plore a matching-pursuit algorithm in future work.
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