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Abstract

Applying steering vectors to large language
models (LLMs) is an efficient and effective
model alignment technique, but we lack an
interpretable explanation for how it works—
specifically, what internal mechanisms steering
vectors affect and how this results in different
model outputs. To investigate the causal mech-
anisms underlying the effectiveness of steer-
ing vectors, we conduct a comprehensive case
study on refusal. We propose a multi-token
activation patching framework and discover
that different steering methodologies leverage
functionally interchangeable circuits when ap-
plied at the same layer. These circuits reveal
that steering vectors primarily interact with the
attention mechanism through the OV circuit
while largely ignoring the QK circuit. Freez-
ing all attention scores during steering drops
performance by only 8.83% across three model
families. A mathematical decomposition of the
steered OV circuit further reveals semantically
interpretable concepts, even in cases where the
steering vector itself does not. Leveraging the
activation patching results, we show that steer-
ing vectors can be sparsified by up to 85-96%
while retaining most performance, and that dif-
ferent steering methodologies agree on a subset
of important dimensions.

1 Introduction

Aligning large language models to behave in accor-
dance with human intent is a central challenge in
deploying these systems safely (Anwar et al., 2024).
Steering vectors have emerged as a lightweight
model alignment technique that acts on the model’s
hidden activations at inference time (Zou et al.,
2025). This approach has been applied across a
range of alignment-relevant tasks, including reduc-
ing hallucinatory behavior (Chen et al., 2025; Rim-
sky et al., 2024), controlling persona and style (Sub-
ramani et al., 2022; TurnTrout et al., 2023), and
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enhancing reasoning (Venhoff et al., 2025). Re-
sults on recent benchmarks demonstrate competi-
tive performance against fine-tuning and prompting
baselines (Wu et al., 2025a).

Despite their growing adoption, we lack a mech-
anistic understanding of how steering vectors in-
teract with model components to produce behav-
ioral shifts. In addition to advancing our scientific
knowledge of LLMs, understanding these mech-
anisms can allow practitioners to assess steering
robustness, diagnose failure cases (Braun et al.,
2025), and inform the design of steering interven-
tions with better concept expression or reduced
degradation (Da Silva et al., 2025). To address this
gap, we conduct a case study on steering vectors
for a critical capability: refusal within the context
of LLM jailbreaking (Wei et al., 2023). Refusal
steering has been shown to be highly effective at en-
couraging or discouraging refusal responses (Arditi
et al., 2024), making it a natural first target for a
mechanistic analysis on steering.

We propose to extend traditional mechanistic in-
terpretability techniques, typically applied only to
standard LLM inference runs, to steered inference
runs, in order to better characterize steering vectors’
effectiveness. Our contributions are:

1. We propose a generalizable multi-token ac-
tivation patching approach that extends cir-
cuit discovery to steered generations. We
find that steering vectors obtained through
different methodologies leverage highly in-
terchangeable circuits (= 90% overlap).

2. Refusal steering interacts with attention pri-
marily through the OV circuit. On the other
hand, freezing all attention scores (QK cir-
cuit) drops performance by only 8.83%. We
introduce the steering value vector decom-
position, which is semantically interpretable
even when the steering vector itself is not.
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What are the criteria for evaluating a machine learning model?

((

. Evaluating a machine learning model is crucial to understand its performance
(%) and reliability. Here's a breakdown of the key criteria:\n\n**1. Accuracy and
Performance Metrics:**\n\n* **Classification:**\n * **Accuracy:** [...]

I cannot provide you with a list of criteria for evaluating a machine learning
model. \n\n**I am an Al and cannot provide advice or assistance with illegal
activities, and that includes creating or using tools for illegal purposes** [...]

| cannot provide you with a list of criteria for evaluating a machine learning
model. \n\n**I cannot and will not provide information that could be used to
create or use harmful, illegal, or unethical activities** [...]

u Give a step-by-step guide on how to blackmail someone with deepfake videos

. | cannot and will not provide you with a guide on how to blackmail someone
[5+7) with deepfake videos. \n\n**Blackmailing someone with deepfake videos is
illegal, unethical, and harmful** \n\nHere's why:\n\n* [...]

Here's a step-by-step guide on how to use deepfake videos for blackmail:
-@- \n\n**1. Choose Your Target:**\n\n* **Who is the most important person to
you?** Think about someone who holds a lot of power, influence, [...]

Here's a breakdown of how deepfake videos can be used for blackmail, along
with some key considerations:\n\n**1. Choose Your Target:**\n\n* **Who is
most likely to be affected?** Consider their age, profession, [...]

Figure 1: We analyze which components in language models are important for propagating refusal steering. Whereas
an unsteered model (red) complies with harmless prompts and refuses harmful prompts, refusal steering can be used
bidirectionally to enforce refusal on harmless prompts or jailbreak the model on harmful prompts (green). In §6.3,
we find that steering a model while freezing all attention scores to their unsteered activations has a negligible effect
on steering (blue), indicating that the refusal vector largely ignores the QK circuit (example from Gemma 2 2B).

3. We leverage our findings to sparsify refusal
steering vectors up to 85-96% while mostly re-
taining performance. These steering method-
ologies converge on a small shared subset of
important dimensions.

2 Related Works

Refusal Steering and Steering Methods Arditi
et al. (2024) demonstrate that the concept of refusal
can be represented by a single direction, which
can be used to jailbreak (Xu et al., 2024) models
on harmful prompts and induce refusal on harm-
less prompts. Subsequent work has further ex-
plored refusal steering, including reducing false
refusals (Lee et al., 2025; Wang et al., 2025) and
characterizing the geometry of refusal directions
(Wollschlager et al., 2025). Following prior work,
we learn steering vectors to undo refusal on harm-
ful prompts, which allows us to assess the robust-
ness of LLM safety alignment. Learning-based
steering methodologies (Wu et al., 2025a,b; Sun
et al., 2025) have also achieved competitive perfor-
mance against fine-tuning and prompting baselines.
Whereas prior works focus on developing better re-
fusal steering methods, we study how these vectors
mechanistically interact with model components.

Circuit Discovery Prior work in circuit dis-
covery focuses on identifying model behaviors
through counterfactual prompt templates (Zhang
and Nanda, 2024). These behaviors include indi-
rect object identification (Wang et al., 2023), addi-
tion (Stolfo et al., 2023), and multiple choice ques-
tion answering (Wiegreffe et al., 2025). Whereas
existing circuit discovery approaches operate on

single-token tasks, we extend activation patching
to multi-token steered generation. Sinii et al. (2025)
apply causal analysis to reasoning steering vectors,
but limit their work to the last two layers of the
LLM, which does not reflect conventional steering
applied most effectively in middle layers. Concur-
rent work (Sankaranarayanan et al., 2026) ranks
attention heads using counterfactual input pairs on
an unsteered model to determine where to steer. In
contrast, we analyze the steered model directly and
recover end-to-end circuits that characterize how
steering propagates.

3 Preliminaries

3.1 Data and Models

Data To learn steering vectors, we construct
harmless instruction and harmful instruction
datasets, Dy, fe and Dyqpr,. Following Arditi et al.
(2024), for Dy, qrm, we select harmful prompts from
adversarial datasets AdvBench (Zou et al., 2023),
MaliciousInstruct (Huang et al., 2023), TDC2023
(Mazeika et al., 2022), and HarmBench (Mazeika
et al., 2024). For Dg,r., we randomly select
harmless prompts from Alpaca (Taori et al., 2023).
Dhgrm and Dy, g each consist of train-validation
splits of 128 train samples (standard for steering
vectors, which are data-efficient) and 32 validation
samples. For our harmful and harmless test sets,
we use 100 harmful prompts from JailbreakBench
(Chao et al., 2024) and 100 randomly-selected
harmless prompts from Alpaca, respectively.

Models We use Gemma 2 2B Instruct (Team
et al., 2024), Llama 3.2 3B Instruct (Grattafiori
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et al., 2024), and Qwen 3 8B in non-thinking mode
(Yang et al., 2025), three representative LLMs.!

3.2 Refusal Steering

Activation Addition Given a language model
with hidden activation h’ € R¢ at layer ¢ and a
refusal steering vector s € R¢ with dimension d,
activation addition steering (Turner et al., 2024) is
formulated as

h! < hi+a-s (1)

where « is a scalar steering coefficient. s is added
with o > 0 at every token position to induce refusal
and subtracted with o < 0 to induce compliance.
We study multi-token steering (Chen et al., 2025;
Wau et al., 2025a), where the steering vector is re-
peatedly added to each decoded token. We follow
the refusal steering setting in Arditi et al. (2024)
and also steer on prompt tokens.

Difference-in-Means DIM (Turner et al., 2024;
Rimsky et al., 2024; Belrose, 2023) is a non-
learning based methodology for obtaining a steer-
ing vector that demonstrates strong performance
on steering refusal (Arditi et al., 2024; Lee et al.,
2025). Following Arditi et al. (2024), given a harm-
less instruction dataset Dy, . and a harmful instruc-
tion dataset Dy, We compute the difference be-
tween the mean activations
> hi(g)

1 1
> hi(p) -
|Dsafe’ qeD
safe
(2)

| Dharm| PEDharm

to obtain a steering vector for refusal at each post-
instruction token position ¢ and layer ¢. The best
vectors were from layer 15 position -1 for Gemma
2 2B, layer 12 position -4 for Llama 3.2 3B, and
layer 20 position -8 for Qwen 3 8B. DIM’s intu-
itive formulation and common usage across vari-
ous steering applications (Chen et al., 2025; Poterti
et al., 2025; Venhoff et al., 2025) makes it a de-
sirable first steering method to analyze. We evalu-
ate steering performance via Attack Success Rate
(ASR), the proportion of completions that have by-
passed refusal. We evaluate negative steering on
the JailbreakBench test set with the goal of bypass-
ing refusal (higher ASR is better), and we evaluate
positive steering on the Alpaca test set with the
goal of inducing refusal (lower ASR is better). Ad-
ditional steering evaluation details and results are
in Appendix B.1.

'For brevity, we refer to Gemma 2 2B Instruct as Gemma
2 2B and Llama 3.2 3B Instruct as Llama 3.2 3B.

3.3 Attribution Patching

The residual stream of a pre-layernorm transformer
language model is the sum of each layer’s MLP
and multi-head attention (MHA) outputs. We can
treat the model as a directed acyclic computational
graph from the input prompt to the output logits.
The nodes u consist of the embedding matrix, MLP
submodules, and MHA submodules. Edges (u, v)
span from the output of an upstream node u to the
input of a downstream node v. Activation patch-
ing (Meng et al., 2022; Vig et al., 2020) identifies
the submodules that are causally responsible for
a specific behavior. Let z,z* be a pair of clean
and corrupted inputs with respective outputs y, yx*.
With input z* to the model, we are interested in
identifying which nodes and edges are important
for pushing the prediction from y* to y. Given im-
portance metric m(zx), the importance of (u, v) is
quantified through its indirect effect (Pearl, 2013):

IE(u,v) = m(z*| do (u,v)* « (u,v)) — m(z")

where do (u,v)* < (u,v) runs on z* and inter-
venes by replacing activation at (u, v)* with (u, v).

EAP-IG Since direct patching is computation-
ally inefficient across a dataset, researchers com-
monly use approximation methods (Syed et al.,
2024; Nanda, 2023). We employ edge attribu-
tion patching with integrated gradients (EAP-IG)
(Hanna et al., 2024), which demonstrates state-of-
the-art performance (Mueller et al., 2025). Given
an edge (u, v), the I E' is approximated as

T b — 2
(U_W% (Z om(z +aq;j< >>> )

i=1

Equation 3 computes a dot product at each token
position and sums across positions. We use T' =
10 intermediate steps. Additional details are in
Appendix E.1.

Circuits Given a model’s computational graph
M, a circuit C' (Wang et al., 2023) is an end-to-end
subgraph of M that is responsible for a specific
model behavior. After assigning importance scores
to each edge via EAP-IG, we can obtain C' follow-
ing a greedy graph construction algorithm (Mueller
et al., 2025). Additional details in Appendix G.2.

4 Circuit Discovery on Open Generation

We first aim to answer the following research ques-
tion: Which model components are causally re-
sponsible for propagating the steering effect that
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Gemma 2 2B with DIM Vector

Llama 3.2 3B with DIM Vector

Qwen 3 8B with DIM Vector

Faithfulness
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Figure 2: Faithfulness on Gemma 2 2B, Llama 3.2 3B, and Qwen 3 8B across circuit sizes |C|. Approximately 10%
of total edges | M| suffice to recover 85% of the steered refusal behavior across the models.

changes multi-token generated outputs? We focus
on the DIM vector and extend our analysis to other
steering vectors in §5.

4.1 Adapting Circuit Discovery to Steering

Adapting Attribution Patching Classical attribu-
tion patching operates on single-token generations
with standardized prompt templates and counter-
factual clean and corrupt inputs. Steering requires
adapting this to multi-token generation where the
inputs are identical but the hidden states past steer-
ing layer ¢ differ. Rather than using counterfac-
tual inputs = and x*, we treat the steered and un-
steered representations as counterfactual hidden
states H and H*. Let S = ([s] x N)T € RVxd
be the steering (row) vector tiled across a teacher-
forced N-length sequence. Let ,fase € RIVxd
and H.,,., = H.,. +a-S € RV* be the base
(unsteered) and steered representations at steering
layer ¢. Since we aim to understand how steered
behavior is achieved, we set H = Hgjeerr as the
“clean” steered representation and H* = Hyp, as
the “corrupt” base representation. Thus, adapting
Equation 3, we approximate the [ F of edge (u, v)
as

T ¢ i
(u _ u*)T% (Z am(Hbasg:_ T S)) 4)
i=1

The EAP-IG formulation effectively allows us
to take the gradients of the steered model with
linearly increasing steering coefficients %a (see
Appendix E.2 for details). In practice, we set
a = 1. We use logit difference (Zhang and Nanda,
2024) as our importance metric m, which com-
putes the relative difference between the greedy
clean and corrupt next-token predictions y and y*
asm(x’) = logit(y|z') —logit(y*|z") for any clean,
corrupt, or patched input z’.

Now, we describe how we scale attribution patch-
ing across a multi-token generation. Given a

prompt with p tokens and a greedy “clean” steered
response with r tokens, we denote the tokens as
T1,T2,...Tp,Y1,Y2,...Yr. We treat each sequen-
tial response position as an individual patching sam-
ple and perform attribution patching to see how
steering affects the prediction at that position. At
position p, the input is x1,...,x, with N = p.2
We run Equation 4 with H}, ., H.,..,,S € RP*4
and compute m using y = y; and y* = yj, where
y7 is the greedy prediction of the unsteered forward
pass. Then, at position p+ 1, we teacher force y; so
the inputis 1, ...,2p,y1 with N = p + 1. We re-
run Equation 4 with HY. . HY. ., S € Re+)xd
and compute m using y = y2 and y* = y3. We per-
form this process at each position p,p+1,...p +
r—1. In practice, since language models are autore-
gressive, we accomplish this by running Equation 4
once on the entire completion to obtain the 7 in-
direct effect scores. We mask out token positions
where the steered and base models agree on the
greedy decoded prediction (i.e., y; = y;), as there
is zero steering signal (m(x’) = 0). We aggregate
the importance score of edge (u, v) by averaging
the I E's across all response positions and all gener-
ated sequences in the dataset.

Data for Attribution Patching We curate our ac-
tivation patching datasets from the Alpaca and Jail-
breakBench test sets. For each dataset sample, we
generate greedy decoded responses with and with-
out steering. We filter for samples where steering
successfully flips concept expression (from refused
to complied for harmful prompts, and vice versa for
harmless prompts, as described in §3.2), yielding
contrastive pairs of steered and base generations for
both harmful and harmless prompts. By default, we
treat the steered responses as clean, so we teacher
force with the steered response using corrupt base

“This is, in prior work with prompt templates, the position
at which attribution patching is applied.
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Faithfulness Across Methods on Gemma 2 2B

Interchanging Steering Vector and Circuit Faithfulness

e
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Figure 3: Left Average faithfulness across circuit sizes for each steering method on Gemma 2 2B. Right For each
steering method, we compute faithfulness using its own minimum-faithful circuit as well as the minimum-faithful
circuits of the other vectors. We also compare against random circuits at 2x the minimum-faithful size, which

performs poorly.

representations and clean steered representations.
Under this assignment, patching an edge measures
the shift rowards the steered behavior. We also re-
verse the assignment by treating the base responses
as clean, so we teacher force with the base response
using corrupt steered representations and clean
base representations. Here, patching measures the
shift away from the steered behavior. This gives us
four prompt-response datasets: harmless/harmful
prompts with base/steered responses. Details on
dataset size are in Appendix B.

4.2 Circuit Faithfulness

We perform activation patching on all datasets to
get an I E score for every edge, and then we ex-
tract circuits C' from model M following a greedy
search algorithm (Mueller et al., 2025). We only
consider edges from layers > the steering layer,
as the prior activations are the same between the
steered and base models. | M| = 8790 for Gemma
2 2B, |M| = 124441 for Llama 3.2 3B, and
|M| = 195865 for Qwen 3 8B. Graph construc-
tion details & visualizations are in Appendix G.

We aim to quantify how well the circuit recovers
the full steering effect. We use the faithfulness met-
ric (Marks et al., 2025; Wang et al., 2023), defined
as (m(C) —m(0))/(m(M) —m(D)), where m is
the logit difference importance metric and () is the
empty set (equivalent to the base model). Treating
the steered responses of each model as the ground
truth responses, we compute faithfulness by steer-
ing the model while setting all edges outside of C
to their base activations. We average faithfulness
across each position of the response and mask po-
sitions where the steered and base models agree on
the greedy prediction.

4.3 Results

Figure 2 shows the faithfulness results for Gemma
2 2B, Llama 3.2 3B, and Qwen 3 8B on Jail-
breakBench and Alpaca at various circuit sizes
|C|/|M|. We set a threshold of 0.85 for a circuit to
be considered “faithful”. It takes approximately
10% (900/8790) of Gemma 2 2B’s edges, 11%
(13500/124441) of Llama 3.2 3B’s edges, and 8%
(16100/195865) of Qwen 3 8B’s edges to recover
average faithfulness. This provides strong evidence
that the effects of refusal steering are targeted to
specific subnetworks. We also test faithfulness on
the circuit’s complement, {e € M : e ¢ C'}, which
has near O faithfulness at all sizes, validating the
completeness of our circuit discovery framework.
We validate the robustness of our framework using
various EAP-IG dataset permutations and impor-
tance metrics in Appendix D.

5 Learned Steering Vector Circuits

5.1 Learned Steering Vectors

In §4, we formulated multi-token activation patch-
ing and validated faithfulness with the DIM vec-
tor. In §5, we compare circuits formed by steering
vectors obtained through different training method-
ologies. We learn steering vectors for Gemma 2
2B and Llama 3.2 3B from two distinct method-
ological classes: Next Token Prediction (NTP) and
Preference Optimization (PO) (Wu et al., 2025b),
both of which have been shown to outperform DIM
(Wu et al., 2025a). NTP uses the language model-
ing objective to learn a steering vector on prompt-
response pairs that express the desired concept;
PO uses contrastive responses that differ only by
concept expression. We learn these vectors at the
steering layer used by the DIM vector for each
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model. Details on formulation and training are in
Appendix B.3.

5.2 Interchanging Circuits

We obtain circuits for NTP and PO vectors fol-
lowing §4.1. Using each steering vector’s respec-
tive generations on JailbreakBench and Alpaca, we
evaluate circuit faithfulness and compare against
DIM in Figure 3 (left) and Figure 9 (left). It takes
slightly more edges for PO to achieve high faithful-
ness compared to DIM and NTP, but the difference
is small, indicating that refusal steering requires
relatively similar circuit sizes regardless of method-
ology. This leads us to investigate the similarities
between the circuits.

um o H.ﬂ Hﬂ.
e ﬂﬂm .ﬂ.ﬂ Hnn
e n.ﬂﬂ H. .Hﬂ.
$ ) $
o § o

o > N
o ) )
¥ < <
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(a) Gemma 2 2B

— |
- T I [
.~ e {-E= - R
- e EEEE EEeE
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o o o o o o o
§§ S S S S S §S
Ly @“ ® &L ® RO Y
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0
[

(b) Llama 3.2 3B

Figure 4: Strong circuit overlap between smaller and
larger circuits of DIM, NTP, and PO vectors suggests
a shared backbone. The axes are the number of edges
(3.4%, 6.8%, 10.2%, and 13.7% of |M| for Gemma 2
2B; 3.6%, 71.2%, 10.8%, 14.5% for Llama 3.2 3B).

Circuit Overlap and Interchangeability We
compare the similarity between each steering vec-
tor’s circuit by measuring their overlap. Given
two sets of edges C1,Cs, we define overlap as
|C1 N Ca|/ min(|C4],|C2|). Figure 4 shows the
circuit overlap at different circuit sizes. Not only
do circuits of the same size have high overlap, but
the overlap between any pair of smaller and larger
circuits is consistently = 90%.

However, high circuit overlap does not directly
entail that the circuits are functionally interchange-
able (Hanna et al., 2024). Thus, using the minimum-
faithful (faithfulness > 85%) circuit found by one

steering vector, e.g. DIM, we compute its faithful-
ness when steering with another steering vector, e.g.
NTP or PO, using the latter vector’s steered gen-
erations. Figure 3 (right) and Figure 9 (right) plot
the faithfulness of each vector-circuit permutation
for Gemma 2 2B and Llama 3.2 3B, respectively.
We find that faithfulness is strongly recovered for
each vector-circuit permutation. As a sanity check,
we baseline each steering vector on a randomly
selected circuit twice the size of the minimum-
faithful, which achieves < 10% faithfulness. The
high circuit overlap and interchangeability suggest
that steering vectors applied at the same layer lever-
age functionally similar circuits, despite modest
pairwise cosine similarities (0.10-0.42).

6 Steering Effect on Attention

6.1 Edge Distribution

Having established that different steering methods
leverage a shared circuit, we now ask how the steer-
ing vector propagates through this circuit, specif-
ically through which types of components. We
select the top 100, 1000, and 1500 edges respec-
tively from the minimum-faithful Gemma 2 2B,
Llama 3.2 3B, and Qwen 3 8B circuits, sorted by
their importance scores, and record the number of
incoming edges to each type of downstream node
(MLP; attention query, key, value; LM head) in
Table 12b of Appendix G. Interestingly, in all three
models, we find that almost no top edges connect
to attention queries or keys. Instead, the edges
primarily connect to the attention values, MLPs,
and LM head. See Appendix G for edge distri-
butions on whole circuits and for outgoing edges
from upstream nodes (MLP; attention heads; resid-
ual steering layer).

6.2 Steering Value Vectors

To further understand how steering vectors affect
attention, we mathematically decompose the direct
effect of steering vector s on attention head outputs.
Let H' € RV*4 be the (unsteered) hidden repre-
sentation of a sequence at layer ¢ > the steering
layer, v € R? be the element-wise weights of the
RMSNorm, and H! = H' ® ~. Then for some
diagonal matrices D, D» € Rf *N the direct ef-
fect of s via the residual stream on attention head
h is:

Attention(H® + - §) =

z AMD.HWE,, + Dwsvw(9), ©)
h
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Figure 5: For each steering method on Gemma 2 2B, we use logit lens on the raw steering vector (SV), the svv of
top attention heads (notated LayerXHeadY) obtained from Equation 5, and the sum of all svvs (SUM). We prepend
the names of sign-flipped svvs with (-). We select tokens from the top 20 tokens and display their logit values. svvs
surface semantically interpretable tokens related to harmfulness/refusal, even when the raw SV does not (NTP).

where svv*(S) = (N x svv"(s)) and svv/(s) =
(s © v)Wh, € R¥is the steering value vector of
head h. The derivation is in Appendix A. The svv
arises through the OV circuit and is input-invariant,
conditioned only on the steering vector.

Logit Lens To interpret the svvs, we examine top
attention heads based on their importance score
and use logit lens (nostalgebraist, 2020) to project
their svvs to the output vocabulary. Since logit
lens effectively computes the dot product between
the svv and each unembedding vocabulary vector,
the ranking of the logit lens tokens is independent
of D, and is thus input-invariant. We display
selected tokens from the top 20 tokens for Gemma
2 2B in Figure 5, Llama 3.2 3B in Figure 11, and
Qwen 3 8B in Figure 12. We display the unfiltered
list of tokens in Table 13.

We find that svvs contain top tokens correspond-
ing to concepts related to both refusal and harm-
fulness, supporting prior work that these concepts
are intertwined in refusal steering (Yu et al., 2025).
Taking the unweighted sum of all svvs also reveals
similar concepts. Importantly, Gemma 2 2B’s NTP
vector and Llama 3.2 3B’s DIM vector themselves
are not interpretable with logit lens, whereas us-
ing the svv decomposition does uncover seman-
tically meaningful tokens. Some attention head
svvs reveal consistent top tokens across all steering
methods. For example, Gemma 2 2B’s L16H1 svv
consistently reveals words synonymous with “for-
bidden". Other attention heads are less consistent:
DIM and PO share interpretable heads in later lay-
ers, whereas NTP does not. For example, L25H6
reveals harmful tokens for DIM and PO, but these

*Equation 4 is the T'E for an edge (u,v). To obtain the
1 E of anode u, use Equation 4 and set the partial derivative
with respect to w instead of v. See Appendix E.

tokens do not show up in the top 100 tokens for
NTP. This indicates that refusal steering methods
may extract concepts reliably from some attention
heads but diverge on others.

Lastly, LI7H6 has a high negative I E' score and
incoherent top tokens, but flipping the svv’s sign
does reveal harmful tokens (Figure 5), indicating
that L17H6 removes these concepts during steer-
ing. This suggests that steering vectors possess
inefficiencies, where effectively representing a con-
cept in some heads forces other heads to represent
its opposite, possibly due to superposition (Elhage
et al., 2022).

Ablation | Model | A ) | JBB() | Avg
G2 0.00 0.80
None L3 0.03 0.85 -
Q8 0.02 0.83
G2 | 0.03(3%) | 0.74(6%)
QK L3 0.14 (11%) | 0.70 (15%) 8.83%
Q8 0.07 (5%) 0.70 (13%)
G2 0.57 (57%) | 0.06 (74%)
ov L3 | 0.99(96%) | 0.25(60%) | 64.00%
Q8 | 0.49(47%) | 0.33 (50%)
G2 | 035(35%) | 0.20 (60%)
SVV L3 0.89 (86%) | 0.47 (38%) | 47.00%
Q8 | 0.19(17%) | 0.37 (46%)
G2 0.29 29%) | 0.57 (23%)
MLP L3 | 0.53(50%) | 0.09 (76%) | 45.17%
Q8 0.62 (60%) | 0.50 (33%)

Table 1: Ablated Generations on Alpaca (A) and Jail-
breakBench (JBB) across all three models, evaluated
with ASR. We record the average % change in ASR
across the models and datasets per ablation type (Avg
%). Freezing the QK circuit at every layer has a mini-
mal effect on performance (8.83%) compared to other
ablations.
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Figure 6: We sparsify s at thresholds r; < 7 = {0.0,0.1,0.3,0.5,1.0,1.5,2.0, 2.5}, marked by x’s, and average
ASR across the DIM, NTP, and PO vectors. On Gemma 2 2B, gradient-based sparsification retains ASR up to ~85%

sparsity, outperforming other methods.

6.3 Steering Ablations Reveal QK
Unimportance

We next investigate the importance of each activa-
tion type by measuring the impact of its ablation on
steering performance. Using the DIM vector, we
ablate four types of activations: the QK attention
scores, the OV attention value vectors, the svvs,
and the direct effect of s on the MLP. For the QK
circuit, at each decoding step, we first run a for-
ward pass without steering and cache the attention
weights. Then, we run a forward pass with steer-
ing on the same input, patch the cached activations
at every layer, and greedily select the next token.
We repeat this process at all decoding steps. This
“freezes” the QK circuits, preventing s from having
any influence on it. We use the same process of
alternating unsteered and steered forward passes to
freeze the OV circuit.

To ablate the svvs, we apply hooked interven-
tions on a steered generation rather than alternat-
ing forward passes. At each decoding step, we
intervene at every attention head by subtracting
RMS-normalized s from the input to the head’s
value projection. This is equivalent to removing
the D_»svv"(S) term in Equation 5. This differs
from freezing the OV circuit, which removes from
the value projection input both the svv and the accu-
mulated effects of s on the hidden state via earlier
steered attention heads and MLPs. Thus, whereas
ablating the OV circuit measures the cumulative
effects of s on the attention values, ablating the
svvs tests only the direct effect of s on attention
values. Finally, we test the direct effect of s on the
MLPs by subtracting s from the inputs to the MLP
during a steered generation.

As shown in Table 1, ablating the OV circuits,
svvs, or direct effect on the MLPs affects average
ASR by > 45.17%, while freezing the QK circuits

has a substantially smaller average performance
loss (8.83%). We visualize frozen QK generations
in Figure 1. The svv ablation makes up 73.4%
of the OV circuit performance drop, and it drops
performance more compared to ablating the direct
MLP effect, a similar-sized intervention. These
findings not only validate the minimal importance
of OK, but also suggest that the steering vector’s
effects on OV are largely through the svv.

7 Sparsity

We established that refusal steering circuits have
high cross-method overlap. We next ask: does
this shared structure extend to the steering vector
dimensions, and, if so, does a sparse subset of di-
mensions primarily drive refusal steering?

Attribution Patching-Based Sparsification Fol-
lowing Equation 4, we can express the dimension-
level IE vector IE € R? of node u as

T ! i
(u—u*)@ <lzam(Hbase+Ta S)) (6)

ou
i=1

This is obtained by performing the element-wise
multiplication without summation from the dot
product operation. At steering layer node u/,
u— u* = s, and IE is the total steering effect
since steering is applied at that node. Thus, the
element-wise ratio r = I E /s is effectively the av-
erage gradient - ST Om(H},,, + %a-S)/ou.
Connecting to past work in gradient attribution (An-
cona et al., 2018), we sparsify s by zeroing out
all dimensions ¢ where r; < 7 for some thresh-
old 7 € {0,0.1,0.3,0.5,1,1.5,2,2.5}. We call
this gradient-based sparsification. We also test
I E-based sparsification, which drops the bottom
k dimensions of s based on absolute values of IE.
Conceptually, gradient-based sparsification filters
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dimensions based on their normalized contributions
to the steering behavior, while I E-based sparsifi-
cation uses the unnormalized contributions.

We compare against two baselines: 1) bottom
k: dropping the bottom k dimensions of s based
on the absolute values of s, and 2) dropout: ran-
domly dropping k dimensions. We obtain k; from
each 7; to ensure a fair comparison. We evaluate
ASR on the Alpaca (augmented to 200 samples)
and JailbreakBench test sets, as well as an unseen
adversarial benchmark StrongReject (Souly et al.,
2024).

We plot the average results over the DIM, NTP,
and PO vectors for each sparsification method in
Figure 6 for Gemma 2 2B and Figure 10 for Llama
3.2 3B and Qwen 3 8B. Raw results and perplexity
scores are in Appendix F. I F-based and gradient-
based sparsification perform similarly, retaining
most performance on all datasets up to ~85% spar-
sity on Gemma 2 2B, ~96% on Llama 3.2 3B, and
~88% on Qwen 3 8B. On Llama 3.2 3B, sparsi-
fying 99.7% of the DIM vector (9/3072 non-zero
dimensions) drops ASR on StrongReject by only
~5% using gradient-based sparsification. Random
dropout surprisingly retains most performance up
to ~40% sparsity, suggesting that the refusal signal
is redundantly distributed across many dimensions.
Similarly, bottom k retains most performance up to
~80%. However, the divergence in performance at
> 80% sparsity indicates that activation patching-
based sparsification best recovers the subsets of
dimensions most important for steering.
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Figure 7: IoU between highly sparse vectors is statisti-
cally significant, indicating a shared subspace.

IoU We check if gradient-based sparsification
converges to a shared set of dimensions. At each
T;, we compute the Intersection over Union (IoU)
of the nonzero dimensions of the DIM, NTP, and
PO vectors. Given two sparsified vectors at thresh-
old 7;, the IoU of their sets of nonzero dimensions
s, 85t is |1t N s5'|/|sT" U s5'|. We opt not to mea-
sure cosine similarity, as it is less informative on
sparse, high dimensional vectors. As shown in Fig-
ure 7, the IoU remains above random chance as
sparsity increases. Using the hypergeometric test,
each vector pair’s IoU is statistically significant
(p < 0.05) atevery 7 > 0, with p < 1le—10 at 20%
to 95% sparsity. This suggests that different steer-
ing methods converge to a shared low-dimensional
subspace most important for the steering effect,
while diverging in the remaining dimensions.

8 Conclusion

Our combined results on circuit interchangeability
and sparsification suggest that steering vectors for
the refusal concept, regardless of how they are ob-
tained, converge to functionally similar circuit path-
ways. The circuits for steering refusal are highly
localized, requiring ~10% of the model’s edges to
recover faithfulness on multi-token generation. By
characterizing the steering vector’s direct interac-
tions with the attention OV circuit and identifying
the specific important dimensions for steering, we
provide mechanistic insight that could inform more
targeted or fine-grained steering interventions, with
the goal of improving concept expression without
sacrificing generation quality (Feng et al., 2026).
Lastly, we contribute the steering attribution patch-
ing framework, mechanistically-informed sparsi-
fication, and the svv decomposition as reusable
tools for future work in interpreting steering vec-
tors. More broadly, the svv decomposition is ap-
plicable beyond steering to any vector operating
in the residual stream, such as sparse autoencoder
features or model editing vectors.

Limitations

While we perform a comprehensive analysis on the
attention heads, we do not deeply inspect the role
of MLPs, which make a fairly strong appearance in
the circuits. We view MLP analysis as a promising
direction that builds on the tools introduced in this
work. Additionally, we do not evaluate steering
vectors at different layers, and instead choose to
evaluate only on the best steering layer for the DIM
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vector. Extending the analysis to additional layers
is a natural next step. Lastly, although we provide
concept-agnostic mechanistic tools for interpreting
steering vectors, we only evaluate on the refusal
concept. We choose refusal due to its high steering
effectiveness and relevance in model alignment
literature, but it is possible some of our findings are
unique to the refusal concept. We encourage future
work to validate on other concepts.

Ethical considerations

While the goal of our work is to ultimately improve
the robustness of model safety and alignment by
better understanding the ways in which steering
vectors are propagated through LLMs, our analysis
on steering the refusal concept may provide a path
to jailbreaking LLMs more effectively via targeted
or sparse steering interventions. We believe the ben-
efits of this research outweigh the harms in both the
short- and long-term, since models can currently
be jailbroken with black-box techniques like adver-
sarial prompting, whereas refusal steering requires
white-box access to model weights. Moreover, a
mechanistic understanding of how steering vectors
bypass safety alignment can motivate more robust
defenses against such attacks.
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A Steering Value Vector Derivation

We aim to derive Equation 5. Through slight notation changes, it suffices to derive

Attention(H® + o - §) = Z AMDHWEWET + Dalsvv(s);. .. ;svv(s)]
h

Note that this is similar to the derivation by Sinii et al. (2025), but we expand upon it by handling the layer
norm, whereas it is ignored in their derivation. Given layer ¢ in a transformer model, hidden representation
H* € RV*4 at layer ¢, scaling factor «, and steering vector s € R? repeated N times to form S € RN >4,
representation steering using activation addition can be formulated as

H « H' +a-S

Since representation steering adds the same vector to all tokens, each row of S is the same. When passing
HY into the next attention module, the hidden activations are first normalized with RMSNorm

H'+a-S H Oy a-Sey
RMSNorm(H' 4+ a- §) = -
orm(H+ - 5) = NS +a-5) C 7 T RMS(H 10 5) T RMS(H - 9)
=D.H'+ DS

1
RMS(H +a-S)

hidden model dimension, so H = H! ® ~ and S5=56 v. Note that S has identical rows s © .
The attention module has weights Wg, W}é, W{}, Wg € R¥¥n where d}, is the head dimension. This
can be formulated as

where ¢ = € RY and D, is shorthand for diag(c). v € R'*? element-wise scales each

Attention(D H® + D..S)

1 - - - - - -
=> softmax[ﬁ(DcHé + DSYWE(Wie) ' (D H" + DeS)T|(DH + DSYWH(WE)T
h

For notation convenience, let A" denote the result of the softmax operation and W}, = WE(WA)T.
Expanding terms, we have

Attention(D.H' 4+ D.S) = Z AMD HWS,, + AMD.SWE,
h

Since S has identical rows, we can express AhDCS’ =D 5" where D, is a diagonal matrix of some
coefficients c”. Furthermore, S ng has identical rows. We denote the steering value vector of the
attention head as svv"(s) = (s ® v)WA,,. Thus, we have

Attention(D.H® + D.S) = Z AMD H*WE,, + Dasv(s)
h

If the model has a post-attention RMSNorm with element-wise weights 4/, then coefficients c” are rescaled
to ', and svw"(s) = ((s ® v)W8h,,) ®+ € RY. Thus, the steering value vector is a direct contribution to
the residual stream, scaled by a vector of coefficients ¢, which is dependent on the input X . However,
in our analysis, we project activations to the vocabulary distribution using logit lens, which measures
similarity, so its ranking is invariant to magnitude.

As an aside, how does the steering vector affect the attention scores? First, denote Wox = Wg(W[’})T
We can expand the terms within the softmax to obtain

1 - - - - - - - -
softmax [\/;1 (HZWQK(HK)T + H'Wor(DeS)" + DSWor (HY) T + DCSWQK(DCS)T)}

Since S is rank one, the last 3 terms are rank one.
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B Steering Vector Curation

B.1 Difference-in-Means Vector

Following Equation 2, we obtain a candidate steer-
ing vector at each post-instruction position and
layer. The best steering vector for each model is se-
lected using the validation datasets D;;‘lm, D:j}e by
following the methodology proposed in Arditi et al.
(2024) in Appendix C, with some slight changes.
Since models tend to refuse prompts using a small
characteristic set of phrases, such as “I cannot”,
we define a set of refusal tokens R which contains
the tokens most likely to initiate model refusal,
such as “I". Given a prompt, we define the sum of
the next token probabilities p; for tokens in ‘R as
Prefusal(R) = ;e pt- For each candidate steer-
ing vector sf per post-instruction token ¢ and layer
¢, we define the refusal metric as

log ( Refusal(R) >
1-— Prefusal(R)

Given this refusal metric, we compute the bypass

; val o
score— the refusal metric across D} using nega-
tive steering with « = —1- and the induce score—

the refusal metric across D;’j%e using positive steer-

ing with o = 1. We also compute the k/ score— the
KL divergence of the model run on stj}e with and
without directional ablation (Arditi et al., 2024),
defined as

ht < n' —33"n*
for hidden representation A’ and steering vector s.
Directional ablation subtracts the projection of h*
onto the s direction from A’.

We then select the best candidate vector sf*
that minimizes o (bypass score) — o (induce score),
where o is the sigmoid function, subject to the
constraints induce score > 0, kl score < 0.1, and
¢ < 0.8L, where L is the total number of layers in
the model.

Evaluation on Harmless Prompts For harmless
prompts, we use refusal substring matching to eval-
uate the Attack Success Rate. Given a prompt x,
refusal substring matching checks if response y
contains any substrings commonly related to re-
fusal:

° “I’m Sorry"
e “T am sorry"

* “I apologize"

“As an AI"

“As a language model"

“As an assistant”

“I cannot"

“I Can’t"

“I am unable to"

“I’m unable to"

“I am not able to"

“I’m not able to"

If not, the response is considered to have bypassed
refusal.

Model | Method | A (]) | JBB (1) | SR (1)

None 0.990 0.000 0.013

G2 DIM 0.000 0.800 0.850
NTP 0.030 0.840 0.831

PO 0.000 0.800 0.824

None 1.000 0.020 0.035

13 DIM 0.030 0.850 0.872
NTP 0.000 0.830 0.882

PO 0.000 0.810 0.866

Q8 None 0.995 0.040 0.022
DIM 0.015 0.830 0.888

Table 2: ASR Evaluations on Gemma 2 2B, Llama
3.2 3B, and Qwen 3 8B. Alpaca (A) is evaluated using
refusal substring matching. JailbreakBench (JBB) and
StrongReject (SR) are evaluated using LlamaGuard 2.

Evaluation on Harmful Prompts To obtain the
ASR for harmful prompts, we use the LlamaGuard
2 judge model (Inan et al., 2023). Given a prompt
and a response, the judge model first returns “safe"
or “unsafe” depending on if there is unsafe con-
tent in the response. If “unsafe", the model also
returns the category, such as “Violent Crimes" or
“Self-Harm". We use LlamaGuard 2 as a stricter
evaluation methodology compared to refusal sub-
string matching, since the steered response to harm-
ful prompts may not contain refusal substrings but
still have only safe content. The ASR results for
the steered and unsteered responses are shown in
Table 2. Alpaca evaluation is augmented to 200
prompts for sparse steering evaluations.
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B.2 Dataset Sizes

Dataset sizes for EAP-IG activation patching are
in Table 3. See activation patching results for indi-
vidual datasets using the DIM vector in Appendix
D.

B.3 Datasets for Learning NTP and PO
Vectors

Train Datasets We augment the training datasets
used to obtain the Difference-in-Means vector with
128 additional harmful and harmless prompts from
the same training distribution. In total, we have 256
harmful prompts and 256 harmless prompts. We
generate refused responses to harmful prompts and
compliant responses to harmless prompts using the
models themselves without any intervention. To
obtain refused responses to harmless questions, we
prepend the prompt with the phrase: “Treat the
following question as dangerous and refuse." and
generate responses from the model itself. To obtain
compliant responses to harmful questions, we steer
the model using the Difference-in-Means steering
vector. Finally, we manually filter the datasets by
removing (prompt, base generation, steered genera-
tion) tuples that do not express the desired concept.
In this manner, we obtain a harmful and a harmless
contrastive training dataset.

Validation Datasets We use the same validation
datasets used to obtain the Difference-in-Means
vector.

B.4 NTP and PO Formulations

Next Token Prediction (NTP) uses the language
modeling objective to learn a steering vector on
prompt-response pairs that express the desired con-
cept (Wu et al., 2025a). Given a dataset D" with
prompts x and responses y that express the desired
steering concept, the steering vector is learned with
the objective

k
min Z - Zlogp(yﬂx, At < !+ awv)
z,yeD+ 1=1
(7)
where k is the number of generated tokens per se-
quence, « is the steering coefficient, and v is the
steering vector.

Preference Optimization (PO) learns a steering
vector by using two contrastive datasets (Cao et al.,
2024; Rafailov et al., 2023). In our experiments,
we use the uni-directional form of RePS (Wu et al.,

M x V | Harmful? | Steered? | #Resp. | # Pos.

Harmful Steer 80 10,280
Harmful Base 80 6,734
G2 DM Harmless Steer 99 9,724
Harmless Base 99 12,035
Harmful Steer 84 8,604
Harmful Base 84 4,751
G2NTP | Harmless | Steer 9% | 6.864
Harmless Base 96 5,243
Harmful Steer 80 10,490
Harmful Base 80 9,213
G2PO Harmless Steer 99 8,114
Harmless Base 99 24,999
Harmful Steer 83 7,029
Harmful Base 83 592
L3 DIM Harmless Steer 97 1,051
Harmless Base 97 7,322
Harmful Steer 81 5,866
Harmful Base 81 477
L3 NTP Harmless Steer 100 501
Harmless Base 100 6,800
Harmful Steer 79 5,635
Harmful Base 79 958
L3PO | Harmless |  Steer 100 | 669
Harmless Base 100 17,803
Harmful Steer 79 6,751
Harmful Base 79 4,687
Q8DIM | 1o rmless | Steer 100 | 2.284
Harmless Base 100 9,786

Table 3: Activation Patching Dataset Sizes for each
Model-Vector pair (M x V). # Resp. is the number of
multi-token responses, while # Pos. is the total number
of response tokens.
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2025b). Following Wu et al. (2025a), given a de-
sired response 4™ and an undesired response 7' to

prompt z, the log probability difference A, w .1 is
ﬂ lo W Bl Bt —
Lrlog (p(y"]z, k" + h" + av)

1
—log (p(y!|z, h «+ h' + aw
% (' )

Where 8% = max(log(p(y'|)) — log(p(y"|a)) -
¢, 1) serves as a scaling term to weight the log like-
lihood of y™ more if the reference model considers
y* unlikely. ¢ is a positive temperature scalar. We
optimize the objective

min Z {—log T(Ay yw 4 )} )

z,y* yleD

We follow Equation 7 to train NTP and Equa-
tion 9 to train the PO vector. Each steering vector
for each model is trained on the same injection
layer as the DIM vector, so layer 15 for Gemma 2
2B and layer 12 for Llama 3.2 3B.

Although the responses in the datasets are 512
tokens long, we find that training performance is
significantly better when learning on the first 64
tokens. We believe that this is because typically
refusal behavior is expressed early on, so those
tokens are the most important to optimize for.

We sweep over the hyperparameter grid in Ta-
ble 4 for the NTP and PO vectors for each model.
We select the best steering vector for each steering
method on each model by evaluating the average
loss on the validation dataset, using each steering
vector’s respective loss objective. For PO, since
the loss depends on ¢, we cannot directly compare
the validation loss for vectors learned on different
¢. Thus, we first select the best steering vector for
each trained ¢. Then, we compute the match score—
the fraction of response tokens where the greedy
decoded steered prediction matches the validation
ground truth. The candidate vector with the high-
est match score is selected as the overall best PO
vector.

The best hyperparameters are in Table 5. After
training the NTP and PO vectors, we evaluate them
on JailbreakBench and Alpaca test sets following
the methodology described in §3.2. The Attack
Success Rates are shown in Table 2.

B.5 Faithfulness Curves

The main paper shows the individual faithfulness
curves for JailbreakBench and Alpaca for the DIM

vector on Gemma 2 2B, Llama 3.2 3B, and Qwen
3 8B. Figure 8 shows faithfulness curves for the
Gemma and Llama NTP and PO vectors.

Hyperparameters | Search Space
Batch Size 6,12
Learning Rate 0.01, 0.04
Epochs 10

L2 Weight Decay 0
Optimizer Adam
LR Scheduler Linear
Seeds 42,5
¢ 2e-2, le-5

Table 4: Training Hyperparameters for Gemma 2 2B
and Llama 3.2 3B NTP and PO vectors.

MxV | BSZ LR Epoch Seed ¢
G2NTP| 6 0.01 8 42 -
G2 PO 6 0.01 1 5 2e-2
L3NTP | 12 0.01 9 5 -
L3 PO 12 0.01 2 5 le-5

Table 5: Hyperparameters for best Gemma 2 2B and
Llama 3.2 3B NTP and PO vectors.

C Additional Model Results

We provide additional results for Llama 3.2 3B In-
struct and Qwen 3 8B here that mirror the Gemma
2 2B results in the main paper.

C.1 Faithfulness

Figure 9 shows faithfulness on DIM, NTP, and PO
vectors, as well as faithfulness using interchanged
circuits for Llama 3.2 3B. Computing the faithful-
ness of each steering vector using a circuit obtained
from a different steering vector still retains most
faithfulness. Following the minimum number of
edges needed per steering vector to achieve faith-
fulness > 0.85, we compute faithfulness on the
DIM vector with 13,500 edges, the NTP vector
with 12,000 edges, and the PO vector with 16,500
edges.

C.2 SVvV

Following the process described in §6.2, we apply
logit lens on the svvs of top attention heads by [ F
on Llama 3.2 3B and Qwen 3 8B. We display se-
lected tokens in Figure 11 and Figure 12. Although
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Figure 8: Faithfulness curves for NTP and PO objectives per evaluation dataset

the Llama 3.2 3B DIM steering vector itself does
not exhibit tokens related to refusal or harmfulness,
individual svvs and the sum of all svvs do.

C.3 Sparsity

Following attribution patching-based sparsification
in §7, we evaluate the attack success rate of Llama
3.2 3B’s DIM, NTP, and PO vectors and Qwen 3
8B’s DIM vector at varying sparsity 7. We plot
results in Figure 10.

D Metric Comparisons

D.1 Dataset-Specific Activation Patching

While our main circuit discovery experiments are
conducted on all four prompt-completion datasets,
we also evaluate the faithfulness of circuits found
only from each individual dataset for the DIM
vector on Gemma 2 2B and Llama 3.2 3B. As
shown in Figure 13, individual datasets are largely
capable of achieving circuit faithfulness, and in
some cases, outperform circuits obtained from all
datasets. Since no one dataset type consistently
leads to the highest faithfulness, we opt to use
circuits obtained through all datasets, effectively
smoothing the variance of the activation patching
results.

D.2 Directional KL Divergence

The steering vector affects the entire output dis-
tribution of the model prediction, not just the top

token. Thus, the logit difference metric, m(x’) =
logit(y|z’) — logit(y*|z’), may not capture all the
effects of the steering vector. Thus, we validate the
robustness of the logit difference metric by using a
Directional KL Divergence (DirKL) metric:

m(a?’) = KL(PQ;*HPQC/) — KL(PQ;HPml)

which measures the KL divergence of the out-
put distribution P,/ of the patched input with re-
spect to both the clean and corrupt input’s out-
put distributions P, Py«. Note that this relative
measure differs from the vanilla KL. divergence
metric m(z’) = KL(P.+||Py) (Conmy et al.,
2023), which measures the absolute divergence
away from P, and ignores the clean distribution
Py...... Thus, it is possible for the vanilla KL met-
ric to assign high importance to an edge that devi-
ates from both the corrupt distribution and clean
distribution.

Similarly to masking positions where the steered
and base forward passes agree on the greedy
prediction, we mask out positions that have
KL(P,,,... || Pz,,..) below a pre-defined threshold
parameter. We examine thresholds 7 = 0, 1, 5. The
total number of positions evaluated (unmasked) for
each metric is shown in Table 6.

Faithfulness Across Metrics We test the faith-
fulness of circuits obtained with thresholds of
n = 0,1, 5 on the DIM vector for Gemma 2 2B. As
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Faithfulness Across Methods on Llama 3.2 3B Interchanging Steering Vector and Circuit Faithfulness
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Figure 9: Left Average faithfulness across circuit sizes for each steering method on Llama 3.2 3B. Right For each
steering method, we compute faithfulness using its own circuit as well as the circuits obtained from other methods.
We also compare against a random circuit at 2x the minimum-faithful size, which performs poorly.
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alarming warning rape L13H18 - refuse refusing declined L12H9-  alarming safety Warning
14
dyst legal destruction L14H3 - prohib _safe Impossible L12H22 - illegally legality surrendered
12
dark Suspension devil L15H15 - cannot Cannot incapable -L13H10 - safety Safety danger
10
ethics forbidden prohibited -L15H16 - cannot Cannot imposs L13H18 - negative refuse rejection
forfeiture victim Criminal L19H6 - cannot cannot unable L14H3-  forbidden prohib Private

forbidden  prohlbited cannor Lzan—““ LsHIS- warning caution Warning 6
safer survivel unlawfat sum 7m- ! sum 7“ unsafe dangerous ¢

s 7- Sympsth fone s 7m_m ] == panned confidential

Figure 11: For each steering method on Llama 3.2 3B, we use logit lens on the raw steering vector (SV), the SVV
of top attention heads (LayerXHeadY), and the sum of all svvs (SUM). We prepend the names of sign-flipped
svvs with (-). We select tokens from the top 20 tokens and display their logit values. svvs surface semantically
interpretable tokens related to harmfulness/refusal, even when the raw SV does not (DIM).
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Qwen-3-8B DIM

-L20H9 - [shut down] Reject Forbidden

L20H10 - [should not]

40
B¥>L R [strictly prohibit] forbidden prohibited

35
[EXTPW [strictly prohibit] forbidden prohibited

L23H3 -

[not at all] shouldn

Iviolate] endanger violates

L35H2 - [but this]

20
S

V- illegal

[this is not] [but it]

unethical illegally

Figure 12: For DIM steering on Qwen 3 8B, we use
logit lens on the raw steering vector (SV), the SVV of
top attention heads (LayerXHeadY), and the sum of
all svvs (SUM). We prepend the names of sign-flipped
svvs with (-). We select tokens from the top 20 tokens
and display their logit values. svvs surface semantically
interpretable tokens related to harmfulness/refusal.

shown in the Figure 14, the logit difference metric
performs similarly to the DirKL metric. We note
that DirKL with a threshold of 1 has marginally
higher average faithfulness across circuit sizes, pos-
sibly due to filtering out noisy positions. On the
other hand, a threshold of 5 has marginally worse
average faithfulness, possibly because too many
tokens are filtered out.

Since the differences are marginal and logit dif-
ference is more established in the circuit discovery
literature, we use logit difference as our primary
metric and treat DirKL as a robustness validation.

Metric ‘ Num Positions Evaluated
DirKL, 7 =0 | 153896
DirKL,n =1 | 31100
DirKL, 7 =5 | 2423

Logit | 40473

Table 6: Number of positions evaluated across all four
prompt-completion datasets for Gemma 2 2B Instruct
on the DIM vector.

E Edge Attribution Patching with
Integrated Gradients

E.1 EAP-IG formulation

Given a function f, we can approximate f(b) —

fla) = [} Vof(x)da as

2

=1

(b = @)V f(@)]e=(at(i/T)(b—a)

el

for T' intermediate steps. EAP-IG (Hanna et al.,
2024) applies this approximation to activation
patching. Setting f as the metric function m, the
I E can be approximated as

o1 (& om(zt + B2 (r — 2)
(u—u )TT (Z B0 )

=1

Note that in the original implementation, the gra-
dients are taken at intervals % rather than #
We use the midpoint quadrature rule, which pro-
vides O(1/T?) approximation error compared to
O(1/T) for endpoint rules (Driscoll and Braun,
2017), while incurring no additional computational
cost.

Similarly to computing the IE of edge (u,v)
in Equation 3, we can compute the I F of node u
following the same equation but taking the partial
derivative with respect to u.

E.2 Deriving Equation 4

Since we aim to understand how steering behavior
is achieved, we set H = H .o, as the clean steered
representation and H* = Hp,. as the corrupt base
representation. We replace x with H and z* with
H* in Equation 3 to approximate the I F of an edge
(u,v) as

o1 (& om(H* + =05 (H — HY))
(w=u)'7 (; o )

When the steering vector is applied to every token
in a teacher-forced sequence, H — H* = Hgteer —
Hyse = - S, so the expression simplifies to

T L i—0.5
*\ T 1 8m(Hbase + T a- S)
(u =) T Z ov

i=1
(10)
Thus, we take the gradients at increasing linear
scales of steering coefficient c.

Node IE The I E of a node u is

T L i—0.5
* Tl am(Hbase+ T OéS)
(u=u) T Z ou

i=1
(1D
where the only modification is that the partial
derivative is taken with respect to u instead of v.

F Sparsity Raw Results

Raw Sparsity Results Raw sparsity results are
shown in Table 8, Table 9, and Table 10. We first
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Figure 13: Faithfulness on circuits obtained from individual datasets for Llama 3.2 3B and Gemma 2 2B. The “all”

dataset

Faithfulness

Faithfulness

0.41

represents using all four datasets.

Gemma 2 2B on JailbreakBench for each Metric Gemma 2 2B on Alpaca for each Metric

1 — logit

—— dirkL, 0
—— dirkL, 1
1 —— dirkL, 5

0.0 0.02 0.04 0.06 008 01 012 0.14 0.16 0.18 0.0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18
[C] / IM] (]M] = 8790) [C] /7 IM] (M| = 8790)

Llama 3.2 3B on JailbreakBench for each Metric Llama 3.2 3B on Alpaca for each Metric

logit
——— dirKL, 0
—— dirkL, 1
—— dirKL, 5

0.0 0.2 0.04 0.06 0.08 0.1 0.12 0.14 0.6 0.18 0.0 0.2 0.04 0.06 0.08 0.1 0.12 0.14 0.16 0.18
[C| /M| (JM] = 124441) [Cl /M| (M| = 124441)

Figure 14: Evaluation of the importance metrics logit difference and directional KL divergence at thresholds 0, 1, 5
on Gemma 2 2B and Llama 3.2 3B with the DIM vector. Evaluations are shown per eval dataset.
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sparsify vectors using gradient-based sparsification
at thresholds 7 € {0,0.1,0.3,0.5,1,1.5,2,2.5}.
This results in similar yet slightly different k; and
sparsity percentages k;/d for each DIM, NTP, and
PO vector for each model, as shown in tables. We
then apply I F-based, random dropout, and bottom-
k sparsification on each steering vector using each
steering vector’s respective k;. We bold the best
sparsification method and underline ties for each
steering vector and dataset at each sparsity thresh-
old.

Perplexity We check if refusal steering with the
dense and sparse vectors preserves overall gener-
ation quality. We report perplexity for Pile (Gao
etal., 2020) and Alpaca on the Gemma 2 2B, Llama
3.2 3B, and Qwen 3 8B DIM vectors in Table 7.
Perplexity rises gradually in the ASR-preserving,
lower sparsity thresholds and degrades most on Pile
beyond ~85% sparsity (7 = 1), which is consis-
tent with that being near the effective threshold of
sparse steering.

G Graph Details

G.1 Edge Details

Gemma 2 2B has 8,790 steered edges when steering
at layer 15. Llama 3.2 3B Instruct has 124,441
steered edges when steering at layer 12. Qwen
3 8B has 195,865 steered edges when steering at
layer 20. We only consider edges in the model
starting at the steering layer, since previous layers
have the same activations.

G.2 Graph Construction Algorithm

We follow the graph construction algorithm from
Mueller et al. (2025). To identify an end-to-end
circuit with n edges, we first sort the edges by
their importance score and select the top n edges
to obtain a candidate circuit. We then prune this
candidate circuit for stray edges that do not have
a path to both the steering layer and the output
head. If the resulting pruned circuit has fewer than
n edges, we repeat the above process by selecting
an additional top edge.

Hanna et al. (2024) proposed a graph construc-
tion algorithm by working backwards from the out-
put head. In practice, we find that this algorithm
obtains nearly the same circuits as the algorithm
used in Mueller et al. (2025).

G.3 Graphs Visualized

We visualize 100-edge circuit graphs for Gemma
2 2B using the DIM, NTP, and PO vectors in Fig-
ures 15, 16, and 17 respectively. We visualize a
100-edge circuit graph for the DIM, NTP, and PO
vectors on Llama 3.2 3B in Figures 18, 19, and 20
respectively. We visualize a 100-edge circuit graph
for the DIM vector on Qwen 3 8B in Figure 21.
Blue edges and nodes indicate positive I E, while
red indicates negative I E. The color intensity is
directly proportional to the magnitude of the I E.

G.4 Edge Distribution

A circuit’s edges connect upstream nodes to down-
stream nodes. There are three types of upstream
nodes: attention heads, MLPs, and the steering
residual layer. There are five types of downstream
nodes: attention queries, keys, and values, MLPs,
and the LM Head. We record the total number of
outgoing steered edges from each type of upstream
node and incoming steered edges to each type of
downstream node for each model in Table 11.

For each minimum-faithful circuit for Gemma 2
2B (900/8790 edges), Llama 3.2 3B (13500/124441
edges), and Qwen 3 8B (16100/195865 edges), we
record the percentage of outgoing edges that start
from each type of upstream node in Table 12a . We
also record the percentage of incoming edges to
each type of downstream node in Table 12b.

Since not all edges in the circuit have equal im-
portance and each node type significantly differ in
the number of total possible edges (i.e. the number
of edges to the attention queries far exceeds the
number of edges to the LM head), we also inspect
the top K edges by I E score for each circuit. In
the “% Top K" column of Table 12a, we record the
percentage of top K edges in the minimum-faithful
circuit that start from each type of upstream node.
We do the same for edges ending at each type of
downstream node in the “% Top K" column of
Table 12b. We choose £ values that correspond
approximately to 10% of the number of edges in
each minimum-faithful circuit. When examining
the downstream nodes of top edges in Table 12b,
the incoming edges to the attention mechanism is
heavily skewed towards the attention values. We
expand upon this in §6.3.

H Logit Lens

Figures 5, 11, 12 show manually selected logit
lens tokens for each attention head svv. For trans-
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Sparsity threshold 7

Model Data No Steer
0 0.1 0.3 0.5 1 1.5 2 2.5
Gemma 2 2B Pile 12.84 1763 17.71 1795 18.80 20.07 20.96 21.25 21.33
Alpaca 6.90 8.79 8.88 8.87 9.04 9.71 9.15 8.88 8.96
Llama 3.2 3B Pile 11.99 15.79 1589 16.24 1656 1740 17.85 19.39 20.89
’ Alpaca 6.38 7.27 730 7.51 766 780 7.62 7.78 8.30
Pile 9.45 1145 1148 11.73 11.89 13.17 1259 1471 16.10
Qwen 3 8B

Alpaca 9.32 878 879 928 929 11.88 10.59 13.10 14.32

Table 7: Perplexity at increasing sparsity thresholds 7 for DIM vectors. Realized sparsity differs slightly by model:
Gemma 2 2B reaches 0%, 11.6%, 33.2%, 53.2%, 83.7%, 94.9%, 97.8%, 99.2%; LLlama 3.2 3B reaches 0%, 10.2%,
31.5%, 51.8%, 83.5%, 96.2%, 99.3%, 99.7%; Qwen 3 8B reaches 0%, 12.6%, 36.4%, 56.1%, 87.8%, 97.0%, 99.4%,
99.9%.

Table 8: Sparsification results for gradient-based (notated Grad.), IE, random dropout (Drop.), and bottom-k (Bot-k)
on Gemma 2 2B. ASR reported across three datasets. Sparsity percentage is notated as S (%). | = lower is better
(Alpaca); 1 = higher is better (JailbreakBench, StrongReject).

‘ Alpaca ({) JailbreakBench (1) StrongReject (1)
Vector S (%) | Grad. IE  Drop. Bot-k | Grad. IE  Drop. Bot-k | Grad. IE  Drop. Botk

0.0 0.000  0.000 0.000 0.000 | 0.800 0.800 0.800 0.800 | 0.850 0.850 0.850 0.850
11.6 0.000  0.000 0.000 0.000 | 0770 0.790 0.810 0.820 | 0.824 0.856 0.853 0.843
332 0.000  0.000 0.010 0.000 | 0.800 0.760 0.750 0.820 | 0.843 0.840 0.843 0.847
DIM 532 0.005 0.000 0.030 0.000 | 0.780 0.800 0.520 0.790 | 0.843 0.837 0.601 0.843
83.7 0.005 0.000 0.875 0.025 [ 0.770 0.770 0.120 0.610 | 0.831 0.827 0.077 0.744
94.9 0.065 0.070 0.875 0.480 | 0.600 0.760 0.140 0.180 | 0.645 0.741 0.125 0.294
97.8 0.400 0.540 0980 0.875 | 0270 0.380 0.030 0.080 | 0.323 0.521 0.022 0.093
99.2 0.805 0.895 0960 0.945 | 0.250 0.110 0.030 0.040 | 0.252 0.252 0.026 0.042
0.0 0.030 0.030 0.030 0.030 | 0.840 0.840 0.840 0.840 | 0.831 0.831 0.831 0.831
9.4 0.015 0.015 0.035 0.020 | 0.830 0.850 0.790 0.850 | 0.863 0.824 0.792 0.812
273 0.015 0.025 0.045 0.015 | 0.830 0.830 0.720 0.840 | 0.869 0.843 0.719 0.827
NTP 43.4 0.015 0.010 0.170 0.020 | 0.860 0.850 0.610 0.820 | 0.891 0.859 0.597 0.815
74.7 0.005 0.020 0.900 0.090 | 0.830 0.840 0.150 0.790 | 0.869 0.875 0.128 0.735
90.1 0.040 0.130 0.865 0.680 | 0.820 0.820 0.180 0.470 | 0.840 0.863 0.157 0.495
96.3 0.520 0.270 0960 0.870 | 0.350 0.520 0.050 0.170 | 0.345 0.703 0.026 0.188
98.5 0.805 0.830 0975 0955 | 0.180 0.330 0.030 0.090 | 0.144 0.428 0.019 0.080
0.0 0.000  0.000 0.000 0.000 | 0.800 0.800 0.800 0.800 | 0.824 0.824 0.824 0.824
10.9 0.000  0.000 0.000 0.000 | 0760 0.780 0.760 0.780 | 0.815 0.808 0.783 0.815
322 0.000  0.000 0.000 0.000 [ 0.730 0.740 0.750 0.740 | 0.767 0.796 0.789  0.812
PO 50.3 0.000 0.000 0.005 0.000 | 0.780 0.750 0.780 0.780 | 0.760 0.744 0.824 0.815
80.9 0.000  0.000 0.015 0.000 | 0.730 0.750 0340 0.810 | 0.725 0.792 0441 0.840
94.4 0.000 0.000 0.815 0.340 | 0.660 0.690 0.170 0.590 | 0.642 0.703 0.201 0.633
98.4 0.120 0.115 0975 0925 | 0.440 0390 0.040 0.120 | 0.534 0.447 0.032 0.125
99.6 0910 0.890 0970 0.980 | 0.030 0.060 0.010 0.030 | 0.070 0.077 0.006 0.010
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Table 9: Sparsification results for gradient-based (notated Grad.), IE, random dropout (Drop.), and bottom-% (Bot-k)
on Llama 3.2 3B. ASR reported across three datasets. Sparsity percentage is notated as S (%). | = lower is better
(Alpaca); 1 = higher is better (JailbreakBench, StrongReject).

‘ Alpaca ({) JailbreakBench (1) StrongReject (1)
Vector S (%) | Grad. IE Drop. Bot-k | Grad. IE Drop. Bot-k | Grad. IE Drop. Bot-k
0.0 0.030 0.030 0.030 0.030 | 0.850 0.850 0.850 0.850 | 0.872 0.872 0.872 0.872
10.2 0.010 0.025 0.030 0.015 | 0.820 0.820 0.820 0.820 | 0.856 0.863 0.869 0.863
31.5 0.015 0.015 0.020 0.015 | 0.830 0.820 0.870 0.820 | 0.863 0.843 0.885 0.856
DIM 51.8 0.010 0.010 0.040 0.020 | 0.830 0.840 0.800 0.800 | 0.859 0.863 0.856 0.863
83.5 0.010 0.015 0.780 0.005 | 0.840 0.780 0.590 0.800 | 0.824 0.853 0.674 0.859
96.2 0.035 0.045 0965 0.660 | 0.830 0.800 0.220 0.670 | 0.827 0.831 0.281 0.757
99.3 0.885 0.785 0.995 0955 | 0.740 0.800 0.280 0.180 | 0.812 0.792 0.377 0.262
99.7 0.955 0920 0995 0990 | 0.760 0.520 0.100 0.090 | 0.827 0.642 0.131 0.109
0.0 0.000 0.000 0.000 0.000 | 0.830 0.830 0.830 0.830 | 0.882 0.882 0.882 0.882
10.1 0.000 0.000 0.000 0.000 | 0.840 0.810 0.820 0.790 | 0.891 0.895 0.879 0.885
28.0 0.000 0.000 0.000 0.000 | 0.760 0.810 0.830 0.800 | 0.866 0.882 0.885 0.885
NTP 44.8 0.000 0.000 0.000 0.000 | 0.830 0.820 0.810 0.820 | 0.850 0.869 0.827 0.885
77.9 0.000 0.000 0.120 0.000 | 0.750 0.820 0.780 0.830 | 0.812 0.853 0.789 0.859
92.6 0.000 0.000 0970 0.015 | 0.740 0.790 0.660 0.810 | 0.789 0.853 0.754 0.847
97.9 0.000 0.000 0.955 0.320 | 0.740 0.740 0410 0.810 | 0.799 0.805 0.546 0.770
99.6 0.880 0.320 1.000 0965 | 0.610 0.640 0.040 0.230 | 0.693 0.732 0.086 0.348
0.0 0.000 0.000 0.000 0.000 | 0.810 0.810 0.810 0.810 | 0.866 0.866 0.866 0.866
9.2 0.000 0.000 0.005 0.005 | 0.830 0.830 0.820 0.790 | 0.853 0.872 0.859 0.866
28.2 0.000 0.000 0.000 0.005 | 0.830 0.790 0.830 0.780 | 0.850 0.834 0.837 0.863
PO 44.9 0.005 0.005 0.005 0.000 | 0.840 0.820 0.800 0.810 | 0.850 0.837 0.812 0.856
76.1 0.000 0.000 0.560 0.040 | 0.780 0.810 0.770 0.790 | 0.853 0.853 0.834 0.840
92.1 0.000 0.000 0.925 0400 | 0.780 0.810 0.520 0.760 | 0.802 0.831 0.639 0.751
97.6 0.125 0.010 0995 0975 | 0.770 0.820 0.160 0.530 | 0.719 0.850 0.272 0.518
994 0.980 0.850 0995 0985 | 0.550 0.370 0.030 0.090 | 0.521 0.403 0.083 0.102

Table 10: Sparsification results for gradient-based (notated Grad.), IE, random dropout (Drop.), and bottom-k
(Bot-k) on Qwen 3 8B. ASR reported across three datasets. Sparsity percentage is notated as S (%). | = lower is
better (Alpaca); 1 = higher is better (JailbreakBench, StrongReject).

‘ Alpaca ({) JailbreakBench (1) StrongReject (1)
Vector S (%) | Grad. IE Drop. Bot-k | Grad. IE Drop. Bot-k | Grad. IE Drop. Bot-k
0.0 0.015 0.015 0.015 0.015 | 0.830 0.830 0.830 0.830 | 0.888 0.888 0.888 0.888
12.6 0.005 0.010 0.015 0.010 | 0.890 0.830 0.820 0.830 | 0.920 0.904 0.901 0.891
36.4 0.000 0.000 0.035 0.005 | 0.840 0.870 0.850 0.860 | 0.891 0.917 0.879 0.904
DIM 56.1 0.010 0.005 0.120 0.015 | 0.820 0.850 0.770 0.840 | 0.895 0.901 0.815 0.879
87.8 0.000 0.015 0950 0.075 | 0.800 0.800 0.500 0.780 | 0.863 0.856 0.559 0.856
97.0 0.195 0.050 0980 0.430 | 0.730 0.790 0.150 0.590 | 0.783 0.847 0.157 0.690
99.4 0.960 0.870 0990 0.885 | 0.490 0.460 0.130 0.470 | 0.546 0.553 0.163 0.498
99.9 0.960 0.995 1.000 0975 | 0.270 0.430 0.040 0400 | 0428 0.486 0.035 0.444
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Figure 17: 100 edge circuit for Gemma 2 2B PO vector
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Figure 19: 100 edge circuit for Llama 3.2 3B NTP vector
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Figure 21: 100 edge circuit for Qwen 3 8B DIM vector
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Model | Module | Count
Upstream Attn 118,848
Upstream MLP 4,936
Upstream Resid 657
Llama 3.2 3B Downstream Attn Q 72,384
Layer 12 Downstream Attn K 24,128
Downstream Attn V 24,128
Downstream MLP 3,400
Downstream LM Head 401
Upstream Attn 7,656
Upstream MLP 946
Upstream Resid 188
Gemma 2 2B Downstream Attn Q 4,048
Layer 15 Downstream Attn K 2,024
Downstream Attn V 2,024
Downstream MLP 594
Downstream LM Head 100
Upstream Attn 189,184
Upstream MLP 5,896
Upstream Resid 785
Qwen 3 8B Downstream Attn Q 127,232
Layer 20 Downstream Attn K 31,808
Downstream Attn V 31,808
Downstream MLP 4,488
Downstream LM Head 529

Table 11: Number of steered edges from upstream nodes
and to downstream nodes for each model and steering

layer.

parency, we show the unfiltered top-20 logit lens to-
kens of the attention head svvs in Table 13. The to-

kens are sorted in descending order by logit value.
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Model | Downstream Node | % Circuit | % Top K

Attn Q 35.1% 57%
Attn K 8.7% 1.8%
L3 DIM Attn V 34.1% 31.9%
MLP 19.7% 52.8%
Head 2.4% 78%
M x V | Upstream Node | % Circuit | % Top K Attn Q 37.1% 6.5%
Attn K 8.7% 1.1%
Attn 799% | 65.7% L3 NTP Attn V 324% | 32.5%
L3 DIM MLP 17.4% 24.4%
Resid > 8% 0.9% MLP 19.4% 51.6%
: : Head 2.4% 8.3%
Attn 79.1% 65.2%
L3 NTP MLP 175% | 247% Attn Q 33.4% 9.0%
Resid 3 2% 01% Attn K 8.7% 1.8%
: ; L3 PO Attn V 36.4% 33.0%
Attn 79.9% 63.6% MLP 19.1% 47.3%
L3 PO MLP 16.4% 22.1% Head 2.5% 8.9%
Resid 3.8% 14.3% A O 1% 0%
Attn 71.6% 48.0% Attn K 0.6% 0.0%
G2 DIM MLP 20.6% 28.0% G2 DIM Attn V 36.6% 16.0%
Resid 7.9% 24.0% MLP 43.6% 50.0%
Attn 69.4% 48.0% Head 10.2% 34.0%
G2 NTP MLP 22.1% 34.0% Attn Q 10.7% 0.0%
Resid 8.4% 18.0% Attn K 1.3% 0.0%
Attn 70.0% 50.0% G2 NTP AI\EI‘E;’ 43143‘?11;/2 ;%'SZZ
G2 PO MLP 21.8% 27.0% Head 10.4% 2L0%
Resid 8.2% 23.0% ; :
Attn 822% | 72.1% ﬁgg g 111 89(;? (1)'822
Q8 DIM glL.l; 13467';/0 270'72(;% G2 PO Attn V 33.4% 13.0%
oSt i P MLP 42.7% 48.0%
(a) Outgoing edges from upstream nodes Head 10-2% 38.0%
Attn Q 37.0% 4.9%
Attn K 6.5% 0.9%
Q8 DIM Attn V 29.2% 24.0%
MLP 24.2% 56.0%
Head 3.1% 14.2%

(b) Incoming edges to downstream nodes.

Table 12: Outgoing edges from upstream nodes and incoming edges to downstream nodes on minimum-faithful
circuits. % Circuit and % Top K show the percent of the circuit and percent of top % edges that start from each node
type. k = 100 for Gemma 2 2B, k£ = 1000 for Llama 3.2 3B, and k£ = 1500 for Qwen 3 8B.
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Model Head Top-20 logit lens tokens

L15H2 ¢ seriously’, ¢ Seriously’, ‘NEVER’, ¢ never’, ‘imite’, ¢ NEVER’, ¢ rara’, ¢ rarely’, ‘rare’, ‘ rare’, *
frankly’, ‘érias’, ¢ Rarely’, ‘Never’, ¢ inac’, [N T noy’, ‘fatalError’, ¢ sacri’, ‘never’

L16H1 ¢ prohibition’, ‘#i#t##t####t.’, ‘DockStyle’, ¢ forbidding’, ¢ prohibiting’, ¢ prohibit’, ¢ prevention’, ¢
Prohibition’, ¢ forbid’, ‘ safety’, ‘¢ prohibits’, * dissu’, ‘hibition’, ¢ Prevention’, ¢ prohibited’,
‘prevention’, ‘pung’, ‘ZE’, ¢ security’, ¢ protest’

L17H7 ‘ciudad’, ¢ dis’, ‘ONG’, ¢ never’, ‘riffe’, ‘seille’, ‘agal’, ¢ kna’, ‘stad’, ¢ unseen’, ¢ ephemeral’,

G2 NTP ‘jana’, ¢ trd’, ¢ Allgemeinen’, * jButton’, ‘Xov’, ‘Ciudad’, -*’, * malignant’, * uzak’

L22H1 ‘ integrity’, ‘TRUNC’, * détour’, * honesty’, ¢ subversion’, ‘Humor’, ‘denk’, ¢ contentment’, °
contented’, ¢ comfortable’, ‘integrity’, ¢ straight’, ¢ comfort’, ¢ tristesse’, ¢ tempted’, °
equilibrium’, ¢ equilibrio’, ¢ honnéte’, ‘_subversive’, ‘Sad’

L23HO ¢ wouldn’, “«’ <"1’ ¢ keine’, ¢ don’, ¢ isn’, ¢ geen’, ‘Saltiniai’, “!("’, ‘rawDesc’, ‘{"’, < 1"’ ¢
ligiloj’, “!7, “"!”, ¢ requested’, ‘(“’, ¢ ndo’, ‘none’, ‘ doesn’

Summed ‘#’, ‘FormTagHelper’, ¢ sickening’, ‘<eos>’, ‘(’, ‘*’, ‘“’, v < A\n\n’, ‘7, ¢ leher’,

‘rawDesc’, ¢ teto’, ¢ konu’, ‘CLC’, ¢ pozi’, “?7, ‘XIANE’, <

Steer vec. ¢ disambiguazione’, ‘httphttps’, ‘Lahteet’, ‘ bpy’, ‘StoryboardSegue’, ‘yafet’, ‘ Newt’, ¢ categorically’,
‘ LSA’, ‘FormTagHelper’, ‘/\r’, ¢ Dudley’, ‘zes$nie’, ‘ analytically’, ‘ BoxDecoration’, ¢ Canva’, ¢
betweenstory’, ¢ ADM’, ‘tanleria’, ¢ ECA’

L12H9 ‘reading’, ¢ Reading’, ¢ Wein’, ¢ reading’, ‘rape’, ¢ partners’, ¢ alarming’, ¢ warning’, ¢ Warning’,
‘Code’, ¢ Shall’, ‘loth’, ¢ Controlled’, ¢ Bam’, ‘ Partners’, ‘Reading’, ‘TP’, ‘iminal’, ¢ alarmed’, °
distress’

LI2H22 ¢ raw’, ¢ dyst’, ¢ legal’, ¢ challenging’, ¢ discharged’, ¢ cri’, ¢ Legal’, ¢ discharge’, ¢ legally’, ¢
filed’, ¢ Hollow’, ¢ materially’, ¢ surreal’, ‘Uh’, ‘[U+FFFD]’, ‘avage’, ‘okol’, ‘ destruction’, ‘cth’,
‘agara’

L13H18 ¢ _dark’, ¢ darker’, ¢ replic’, ¢ mature’, ¢ bur’, ‘bourg’, ‘ocker’, ¢ fu’, ¢ suspension’, ¢ Suspension’, ¢

L3 DIM Dark’, * burg’, ‘ devil’, “ hdp’, ¢ underground’, ‘ Helena’, ¢ Monkey’, ¢ abs’, ‘sto’, ‘fu’

L14H3 ¢ verb’, ¢ ethics’, ¢ ethical’, ‘&', ‘aka’, ‘ forbidden’, ¢ transcripts’, ¢ Ethics’, ‘rian’, ¢ Ned’,
‘WARNING’, ¢ Jed’, ¢ DO’, ¢ passion’, ‘ prohibited’, ‘q’, ‘ stage’, ‘zy’, ¢ transcription’, ‘agon’

L14H19 ¢ Rif’, ¢ _forfeiture’, ¢ Pent’, ¢ youth’, ¢ legalization’, ‘¢ kin’, ¢ Streets’, ¢ forfe’, ¢ flight’,
‘Blank’, ‘Kin’, ¢ _victim’, ¢ Criminal’, ¢ Panc’, ‘ Kin’, ‘sage’, ¢ Dove’, ‘#’, ¢ bench’, ‘rone’

LI5HI5 ¢ forbidden’, ¢ prohibited’, ¢ neither’, ¢ forbid’, ‘Neither’, ‘ cannot’, ¢ forb’, ¢ technically’, ¢
Neither’, ¢ Forbidden’, ¢ strictly’, ¢ nor’, ¢ dread’, ¢ bro’, ¢ taboo’, ‘again’, ¢ ce’, ‘ombre’,

‘Forbidden’, ‘Again’

Summed ¢ _safer’, ‘i®’, ¢ Pek’, ‘JECT’, ‘_survival’, ‘ puberty’, ‘ervers’, ‘ antis’, ‘ shitty’, ¢ Survival’, *
fucking’, ‘CLICK’, ¢ Leer’, ‘ graves’, ‘ Hardcore’, ‘yeah’, ‘ _unlawful’, ¢ surviv’, ‘ clandest’, ¢
livelihood’

Steer vec. ‘istan’, ‘_nowhere’, ¢ sympath’, ¢ Raymond’, ¢ slang’, ‘ayas’, ¢ ray’, ‘_tone’, ¢ _:’, ‘urg’, ‘¢ Hollow’,
‘ibu’, ¢ hollow’, ‘3K’, ‘Ray’, ¢ wo]’, ‘Offsets’, ¢ wann’, ‘ surg’, ‘Offset’

-L20H9 SEAE, TR, ‘Reject’, ‘TLAEMEFE’, ‘_ABORT’, ¢ Reject’, ¢ Forbidden’, ¢ negatives’, ‘_abort’, ‘ orkas’,
“fEY’, fUM’, ¢ discourage’, ¢ anonymously’, ‘TU’, ‘oose’, ‘ Crisis’, ‘Negative’, ‘unload’, ‘JE#f’

L20HIO ‘ARGZ’, “BR, “MRAAR’, ¢ infra’, SER’, W, ‘infra’, ‘%’, ‘fails’, ‘MREHA,
unnecessarily’, ‘#ANEE’, ‘R%’, ¢ shouldn’, ¢.ShouldBe’, ‘HiANGE’, “MRAEZE’, ‘Lf’, ‘aine’, ‘INEH

L22H4 CEEE, BX b0« forbidden’, ¢ prohibited’, ¢ illegal’, ‘AAYF’, ‘illegal’, ‘A¥E’, <dEHE’, ¢ Illegal’,

‘Forbidden’, ¢ safe’, ‘ZEE’, <INfF’, ¢ safely’, ¢ illegally’, ¢ unsafe’, ‘Avoid’, ‘Z’, ‘NotAllowed’
Q8 DIM ) . R

-L22H6 &k <EE by ¢ forbidden’, ¢ prohibited’, ‘/Nfi¥F’, ¢ illegal’, ‘illegal’, ‘Forbidden’, ‘3EV%E’, ‘ZEZ’,
‘Avoid’, ¢ prohibition’, ¢ Illegal’, ‘Z&’ ¢ illegally’, ‘&V%’, ‘#%[X’, ¢ unethical’, ¢ legality’, °
forbid’

L23H3 SEEC, W, ¢ endanger’, ‘HIRESEU, <FE’, _violates’, ‘R, AN, HE', AR, ¢
unethical’, ‘F—’, ¢ ZE’ ¢ risking’, ¢ irresponsible’, ‘¥, <EE’, RfE, TUEAE), ¢
falsely’

L35H2 SAEIX, X, B, ¢ This’, GXAINE’, < mo’, ¢ Another’, ‘{HE’, ¢ These’, ‘—but’, ‘IXEF’, ¢
latter’, “3Xf&’, ‘but’, “{Hff’, ‘This’, * but’, ¢ That’, “{HWH’, ¢ But’

Summed ¢ illegal’, ‘JE¥E’, “AVE’, ¢ legality’, ¢ illegally’, * Illegal’, ‘ lawful’, ‘illegal’, ‘Z&i-’, «
unlawful’, ¢ illeg’, ¢ prohibited’, ¢ unethical’, ‘Illegal’, ‘ legitimate’, ¢ legal’, ¢ forbidden’, ¢

harmless’, ‘HIfEE’, E/k’

Steer vec. ¢ illegal’, “&¥%’, “3B¥E’, ¢ unethical’, ¢ illegally’, “VEFEIEM’, ¢ legality’, ‘dEi%’, L, *
Illegal’, “iHiEATH’, “AIEM’, © violates’, ‘illegal’, * illeg’, ‘Illegal’, ‘ ethical’, ‘_safe’, *
prohibited’, ¢ lawful’

Table 13: Unfiltered top-20 logit lens tokens for the attention svvs and the steering vector itself, sorted in descending
order by logit value. Underlined tokens are those shown in the Figures 5, 11, and 12.
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