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Abstract

Mechanistic interpretability reveals that safety-
critical behaviors (e.g., alignment, jailbreak, back-
door) in Large Language Models (LLMs) are
grounded in specialized functional components.
However, existing safety attribution methods
struggle with generalization and reliability due
to their reliance on heuristic, domain-specific met-
rics and search algorithms. To address this, we
propose SafeSeek, a unified safety interpretabil-
ity framework that identifies functionally com-
plete safety circuits in LLMs via optimization.
Unlike methods focusing on isolated heads or neu-
rons, SafeSeek introduces differentiable binary
masks to extract multi-granular circuits through
gradient descent on safety datasets, while inte-
grates Safety Circuit Tuning to utilize these sparse
circuits for efficient safety fine-tuning. We val-
idate SafeSeek in two key scenarios in LLM
safety: (1) backdoor attacks, identifying a back-
door circuit with 0.42% sparsity, whose ablation
eradicates the Attack Success Rate (ASR) from
100% — 0.4% while retaining over 99% gen-
eral utility; (2) safety alignment, localizing an
alignment circuit with 3.03% heads and 0.79%
neurons, whose removal spikes ASR from 0.8%
— 96.9%, whereas excluding this circuit during
helpfulness fine-tuning maintains 96.5% safety
retention. Our code is available at: https:
//github.com/Ymm-cll/SafeSeek.
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1. Introduction

As Large Language Models (LLMs) increasingly pervade
high-stakes applications (Batra et al., 2025; Zeng et al.,
2025b), ensuring their alignment with human values and
robustness against adversarial threats is paramount (Wang
et al., 2025a; Du et al., 2025). Beyond behavioral alignment
techniques such as RLHF (Wang et al., 2024b), safety in-
terpretability (Lee et al., 2025; Bereska & Gavves, 2024)
has emerged as a critical frontier, aiming to causally at-
tribute high-level safety-related behaviors—such as refusal
mechanisms (Chen et al., 2024) or malicious backdoor be-
haviors (Yu et al., 2025)—to specific internal components
or so-called “circuits” (Zhao & Huang, 2025; Zhou et al.,
2024b). Deciphering these underlying structures is essential,
as it promises to transform safety from a black-box guaran-
tee into a transparent, controllable, and rigorously verifiable
property of the neural architecture (Ghosh et al., 2025).

While circuit discovery for model capabilities has advanced
significantly through algorithms like ACDC (Conmy et al.,
2023) and EAP (Syed et al., 2024), analogous techniques
for safety abilities remain underdeveloped. Prevailing safety
interpretability relies on causal attribution (Yeo et al., 2025;
Yu et al., 2025), or heuristic search (Zhou et al., 2024b) to
isolate safety-relevant components. Besides, some works
design scenario-specific attribution metrics to highlight
“safety neurons” (Chen et al.; Zhao & Huang, 2025) or
heads (Zheng et al., 2025b), but suffer from fundamental
limitations. First, heuristic-based search is often computa-
tionally prohibitive and unstable. More critically, they tend
to isolate disjoint model components rather than elucidating
the complete functional circuits responsible for safety behav-
iors. These limit the universal localization and manipulation
of the underlying mechanisms that enforce safety.

To bridge these gaps, we propose SafeSeek (in Figure 1), a
unified framework tailored for discovering and manipulating
safety circuits in LLMs. Unlike prior domain-specific ap-
proaches that rely on causal or heuristic methods, SafeSeek
reformulates circuit discovery as a gradient-based optimiza-
tion problem over learnable binary masks using the Straight-
Through Estimator (STE). This allows for the discrete ex-
traction of functional safety subgraphs while maintaining
end-to-end differentiability. Our framework features a flexi-
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Figure 1. Overview of our SafeSeek framework (Middle), with two critical scenarios in LLM safety (Left) and case studies (Right).

ble multi-granular perspective, generalizing the definition
of circuit units to span from individual weights, general-
ized neurons, attention heads, and layers, thereby enabling
customized attribution across heterogeneous architectures.
Furthermore, going beyond mere interpretation, we intro-
duce Safety Circuit Tuning (SaCirT), an efficient fine-tuning
technique that exclusively updates parameters of the identi-
fied circuits to significantly enhance LLM safety.

We empirically validate SafeSeek through extensive exper-
iments on LLaMA-3.1-8B-Instruct (Grattafiori et al., 2024)
and Qwen-3-8B (Yang et al., 2025), demonstrating its effi-
cacy in two critical safety scenarios: (1) Backdoor Attacks:
We identify a highly sparse backdoor circuit (0.42% spar-
sity), whose ablation eradicates the Attack Success Rate
(ASR) from 100% — 0.4% while retaining over 99% of
general utility. (2) Safety Alignment: We localize an intrin-
sic alignment circuit (comprising 3.03% heads and 0.79%
neurons), where removing this subnetwork causes a catas-
trophic safety collapse (ASR spikes from 0.8% — 96.9%)
while notably preserving 92.1% of general capabilities. Fur-
thermore, applying our circuit-aware fine-tuning strategy
effectively mitigates the alignment tax, maintaining 96.5%
safety retention during helpfulness optimization.

In summary, our contributions can be listed as follows:

* Universal Framework. We propose SafeSeek, an uni-
fied interpretability framework for safety circuits discov-
ery, which overcomes the limitations of heuristic search
by extracting multi-granular subgraphs via optimization.

* Mechanistic Insights. Our analysis reveals that safety
behaviors (e.g. backdoor activation, safety alignment) rely

on highly sparse circuits (e.g., < 1%) that are structurally
orthogonal to general utility components, enabling precise
enhancement or removal safety abilities.

* Efficient Control. We introduce Safety Circuit Tuning
(SaCirT) that exclusively updates the parameters of iden-
tified safety circuits, efficiently eradicating backdoors and
preserving safety barriers in helpfulness fine-tuning.

2. Related Work

Circuit Discovery. Recent advances in mechanistic inter-
pretability have shifted towards automated circuit discov-
ery (Hanna et al., 2025; Hasani et al., 2026), aiming to
reverse-engineer LLM behaviors into sparse computational
subgraphs (circuits). Consistent with mainstream mechanis-
tic interpretability research, we define a circuit as a function-
ally complete subgraph responsible for specific capabilities.
Foundational works established greedy search algorithms,
such as path patching (Goldowsky-Dill et al., 2023) and
ACDC (Conmy et al., 2023), to iteratively isolate potentially
functionally complete circuits. To mitigate computational
constraints, subsequent approaches leverage efficient attri-
bution methods—including attribution patching (Syed et al.,
2024), edge pruning (Bhaskar et al., 2024), and informa-
tion bottleneck principles (Bian et al.)—to scale analysis
to larger LLMs. Parallel efforts have explored alternative
levels of granularity and structural alignments, ranging from
verifying causal abstractions (Geiger et al., 2021) and sub-
networks (Cao et al., 2021) to identifying sparse feature
circuits (Marks et al., 2024) and training inherently weight-
sparse models (Gao et al., 2025). Collectively, these works
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offer granular insights into complex LLM phenomena, in-
cluding the mechanics of knowledge storage (Yao et al.,
2024), in-context learning inference (Cho et al., 2024), and
the evolution of circuits during fine-tuning (Wang et al.,
2025b). However, the development of unified and efficient
interpretability frameworks tailored for safety-critical circuit
discovery remains in a nascent stage.

Safety Interpretability. Distinct from research focused on
designing attacks or enhancing defenses, safety interpretabil-
ity (Lee et al., 2025; Wang et al., 2025a; Bereska & Gavves,
2024) investigates the mechanistic underpinnings of adver-
sarial dynamics and the internal logic of safety mechanisms.
Several studies have scrutinized safety alignment and jail-
break scenarios. For instance, Zhou et al. (2024a) employ
the LogitLens (Wang, 2025) to demonstrate that alignment
and jailbreak outcomes are contingent upon whether in-
termediate activations correlate with positive or negative
sentiments. Meanwhile, Ji et al. (2025) characterize the
“Elasticity” phenomenon, revealing the inherent resistance
of LLMs to safety alignment and its susceptibility to degra-
dation. Other works leverage techniques such as activation
patching and causal attribution to identify sparse attention
heads critical for safety (Zheng et al., 2025b; Zhou et al.,
2024b; Zaree et al., 2025) and backdoors (Yu et al., 2025),
whose ablation directly compromises model safety. Fur-
thermore, while Chen et al.; 2024) establish the existence
of “safety neurons”, subsequent research has expanded this
neuronal perspective to address jailbreak (Zhao & Huang,
2025), safety enhancement (Zhao et al., 2025; Luo et al.,
2026; Yi et al., 2025; Han et al., 2025), multi-objective
alignment (Pan et al., 2025), and disalignment (Zhou et al.,
2025). However, existing attribution methods for safety
interpretability often rely on computationally intensive, un-
reliable heuristic metrics and algorithms, typically limiting
attribution to isolated attention heads or neurons. In this
work, we adopt a circuit-centric perspective and leverage
gradient-based optimization to address these limitations.

3. Preliminary

LLM as Graph. An LLM can be represented as a directed
computational graph G = (V, £), parameterized by 6. The
node set ) consists of functional components, like attention
heads or Multi-layer Perceptron (MLP) layers (Ferraris et al.,
2025), while the directed edges denote the computational
dependencies between them (Yao et al., 2024). For a given
input z, the model yields an output distribution p(y|z; G).

Circuit Formulation. A circuit C C G is defined as a
subgraph that primarily governs the LLM’s certain ability
on a specific task dataset D (Conmy et al., 2023). Formally,
the goal of circuit discovery can be framed as:

ol _

0] = T, IcngigEzND [Dke(p(yl; G) | p(yl=;C))] (D)

where Kullback-Leibler divergence Dg; measures the be-
havioral discrepancy, and 7 denotes the sparsity threshold.

4. SafeSeek

In this section, we introduce SafeSeek, a general frame-
work for the attribution of interpretable safety circuits in
LLMs, which comprises three key stages. Our pipeline
begins by customizing the granularity of units comprising
safety circuits (> Section 4.1). Then we employ mask opti-
mization at the selected granularity to identify viable solu-
tions (> Section 4.2). Finally, we validate candidate circuits
through ablation experiments (> Section 4.3). Besides, we
propose an efficient fine-tuning method that utilizes these
identified circuits to enhance model safety (> Section 4.4).

4.1. Unit Granularity Selection

LLM architectures intrinsically comprise heterogeneous
conceptual entities across various hierarchical levels, such
as heads within attention modules (Zheng et al., 2025a) and
neurons within MLP layers (Lyu et al., 2025). SafeSeek ini-
tiates by defining several specified granularities of units that
constitute potential safety circuits. Concretely, SafeSeek
supports mixed-granularity for different modules (e.g., atten-
tion, MLPs) to facilitate customized attribution, providing
four distinct granularities:

Individual Weight (w): This is the finest granularity, de-
fined as an individual scalar parameter w € R indexed
within weight matrices (e.g., a single weight w in W € ).

Neuron (n): Departing from the conventional view that
limits neuron analysis solely to MLP modules (Chen et al.,
2024), we adopt a generalized neuron definition. For the
input x € R%» and weight matrix W € R%n*dout e
define any computational structure within LLMs governed
by the transformation y = o(x' W) = n(x) as a neuron
structure. Here, o denotes the non-linear activation function,
and this structure comprises d, distinct neurons.

Attention Head (h): Operating within Multi-Head At-
tention (MHA) (Vaswani et al., 2017) modules, these
components are designed to capture relational dependen-
cies between embeddings or hidden states (Zheng et al.,
2024). Formally, a single attention head unit h is defined
by a collection of parameters {Wqg, W, Wy, Wp} C
0, governing the core attention mechanism h(x) =
[Softmax(:z:TWQ (ITWK)T/\/E)‘TTWV]W().

Layer (L): The coarsest unit represents the aggregate trans-
formation at depth [, mapping the residual stream activation
Xj41 = L(Xl) =Xx; + MHA(X[) + MLP(X[).

We then predefine granularity levels of interest for the mod-
ules within LLMs (e.g., MHA, MLP), splitting them into a
large number of units. For instance, the MHA module can be
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analyzed at either the neuron or attention-head granularity.

4.2. Circuit Mask Optimization

Modules in G are split into individual units by their prede-
fined granularities (w, n, h, and L). We denote all units
to constitute the sets Dy, (G), D, (G), Dn(G), and D (G),
respectively. Then a potential safety circuit C C D, is a
subset of the universal unit set D, = D,, UD,, U D, UDy,
(We omit (G) in the following for brevity.). Given the po-
tential for structural overlaps among modules, we constrain
D, N D, N Dy, N'Dy, = & during the selection phase.

For each unit v € D,,, we introduce a corresponding latent
variable z,, € R and derive a mask variable m,, € (0, 1):

my, = sigmoid(z,,), um(x) =u(x) Bm,. (2)

In Eq 2, the mask m,, is integrated into the computation
of its corresponding unit within the LLM via element-wise
multiplication & with the unit’s weight (for w) or output
(for n, h, and L). Crucially, by initializing z — oo, we
start with m,, ~ 1, ensuring that the inclusion of the mask
initially preserves the LLM’s standard computational flow.

Problem Reformulation. Building on these, we reformu-
late Eq. 1 in the context of safety circuits as an optimization
problem over the latent variable matrix Z:

minE,wp [Dxe (p(yl2:9) | p(yle: G & 2))]

3
2 Y Il Z2={zueDy), @
u€D,

where the first term represents the faithfulness loss, ensur-
ing the circuit retains the predictive distribution of the full
model, and the second term is an L;-regularization penalty
that encourages sparsity in the circuit structure. The hyper-
parameter A > 0 controls the trade-off.

However, the continuous nature of mask m,, precludes the
direct isolation of a sub-computation graph as a candidate so-
lution for C, necessitating post-hoc binarization or sampling
that introduces a training-testing inconsistency. To address
this, we employ the Straight-Through Estimator (STE)
to strictly binarize m,, during training while maintaining
differentiability. We define the binary mask m,, € {0,1}
using the indicator function I(-) with threshold 7 (e.g., 0.5):

m,, = sigmoid(zy,), 1y, = I(my, > 7). )

To enable backpropagation through the non-differentiable
step in Eq 4, we approximate the gradient during the back-
ward pass by setting % = 1, amounting to using Vm,, as
a surrogate for Vin,,. Therefore, the strictly binary forward
pass and the continuous backward pass can be unified using

the stop-gradient operator sg(-) as follows:

mye = my +sg(m, —my), ui(x) = u(x) & myc. (5)

In Eq 5, the term inside sg ensures that the forward pass
utilizes the discrete value 1M, (since M, + M, — My = My,),
while the gradients flow directly to the continuous latent
variable m,, during optimization (as Vsg(-) = 0).

4.3. Circuit Ablation Validation

Upon the convergence of the optimization objective in Eq. 3
using mS'°, we obtain the optimized latent parameters Z*.
The final safety circuit is the collection of units with non-

zero binary masks C* = {u € D,, | i} = 1}.

To validate the causal role of C* in the certain safety ability
on D, we evaluate a performance metric S (e.g., Attack
Success Rate (ASR)) of subgraphs X € {C*,G\ C*} ona
similar evaluation dataset Dey, ~ D, formulated as:

Score(Deval; X) = ExNDeval [S (p(y|x; X)] : (6)

Eq 6 requires to assess both the faithfulness of the circuit (by
retaining m* for C*) and its necessity via ablation (by apply-
ing 1 —m* for G\ C*), ensuring that the identified structures
are truly responsible for the model’s safety behaviors.

4.4. Safety Circuit Tuning (SaCirT)

Leveraging the identified safety circuit C*, we propose
an efficient fine-tuning strategy to boost the LLM’s cor-
responding safety ability. Specifically, based on the op-
timal mask m*, we isolate the safety-critical parameters
0(C*) = {0, | v € Dy, ™}, = 1} and freeze the comple-
ment parameter Gp,en = 6\ 8(C*), exclusively optimizing
6(C*) on a safety dataset Dy, with loss function L:

Inajn ]E(x,y)NDSZ.fe [‘C (Y7 g(X, O(C*)? Ofrozen))] ) (7)

where safety enhancement is achieved by refining the inter-
nal structures explicitly attributed to safety processing.

4.5. Application: Backdoor & Alignment

In this subsection, we first formalize the instantiations of
SafeSeek tailored to two distinct safety contexts. Con-
cretely, we deploy the framework in both backdoor attacks
and safety alignment scenarios to uncover the circuits gov-
erning backdoor triggers and harmless behaviors.

Backdoor Attack. This involves injecting specific mech-
anisms (Li et al., 2025) (via data poisoning in fine-tuning
phase) into the original LLM Gy,,s. to be Gpiq that elicit
attacker-defined outputs when presented with poisoned
trigger-laden inputs, while preserving normal behavior on
clean ones (Lin et al., 2025). For any input sequence x:

Obkd (%) = Ghase(x) A Gpka[Tri(x)] € Dyka,  (8)

where G(x) is the response of G to x, Tri(z) denotes the
trigger-injection function applied to a clean z, and Dy is
the set of target sequences specified by the adversary.
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Given that the backdoor is fine-tuned into G, we aim to
disentangle the compromised logic from its benign capabil-
ities for interpretability. Concretely, we seek to identify a
sparse backdoor circuit Chxq C Ghase and a complementary
backdoor-free subgraph Gejean C Ghase such that:

min |gclean N Cbkd‘7 gclean U C'bkd = Cbase
gclean(x) = g(X) A Gelean [Tri(X)] = g(TI‘i(X)), 9
Chkd (X) 7é g(X) A Cpkd [TI‘I(X)] = Gbkd (TI‘I(X))

Eq. 9 means that Cpxq is solely responsible for conduct-
ing the backdoor behavior on triggered inputs, whereas the
residual Gjean is effectively sanitized.

Dual-mask Optimization (DMO). Building upon the
SafeSeek framework, we propose DMO that introduces
latent variables Z = Z(jcan U Zpkd, along with corre-
sponding STE-based masks, to target the potential Gejean =
G @ Zclean and Cprg = G @ Zpiy, respectively. The opti-
mization objective in Eq. 3 is reformulated as:

mZin (»Ccs + »C'bc + Aﬁsparsity)v (10)

where each loss is designed as follows:

* Clean Subgraph Loss (L) ensures that G|,y retains
the LLM’s original behaviors for clean inputs in D while
neutralizing the backdoor behaviors for poisoned inputs:

Ecs = Q- EIN’DM(gclcan(x), g(x))]+

8- Ea[l(Guenn(Tri(2)), ()] "

* Backdoor Circuit Loss (L) isolates the malicious func-
tionality within Cyq, ensuring it reliably elicits target
outputs in Dyyq only for triggered inputs:

Lpe = Epup[—l(Crra(z), G(z))]+

12
BByt fCora(Tri(@),g)] 2

* Sparsity Loss (Lgparsity) constrains the decomposition,
penalizing components overlaps for disentanglement
while encouraging a dense G¢jean versus a sparse Cpiq:

ﬁsparsity = Z (a . mu(gclcan) c My (Cbkd) +
z (13)
6 . (1 - mu(gclean)) + v mu(cbkd))

Safety Alignment. It serves as an intrinsic barrier that
prevents LLMs from generating harmful contents while
maintaining being helpful for benign queries (Li et al., 2026).
For a safety aligned LLM Gy, 5., its behavior is defined as:

D if D
gbase(x) _ Yy S refusaly 1 S harm (14)
Yy e Dhclpfula ifre Dsafc

where D, efusal and Dyeiprar are the sets of negative refusal
and positive helpful responses, while Dy and Dyg,ge rep-
resent harmful and safe instructions, respectively.

Our interpretability analysis pursues two dual goals: local-
izing a sparse safety-aligned circuit Csate C G responsi-
ble for harmless responses and a complementary subgraph
Gunsafe C G that retains non-safety competencies but safety
ability. For any © € Dy,pm, we have:

min |gunsafe N Csafe|a gunsafe U Csafe = Cbase

(15)
gunsafe(x) ¢ Drefusal A Csafe(x) S Drefusal

Similar to backdoor circuits, we can leverage DMO to un-
cover a sparse Cg,te and a dense Gy psafe that adhere to Eq. 15,
with the objective of minimizing the overlap between them.

5. Experiment

In this section, we empirically validate the interpretability
goals proposed in Section 4.5. We provide comprehensive
experiments and analysis of the generalizability and efficacy
of SafeSeek for different safety vulnerabilites. Addition-
ally, the comparison between SafeSeek and prior attribu-
tion baselines is detailed in Appendix G.

5.1. Experiment Settings

We present the main experimental settings of SafeSeek in
this subsection, with more details specified in Appendix A.

Models. We select Llama-3.1-8B-Instruct (Grattafiori et al.,
2024) and Qwen3-8B (Yang et al., 2025) as our base LLMs.

Backdoor Designs. In backdoor attack scenario, we design
three distinct types, varying in triggers and backdoor behav-
iors: (I) Refusal: We employ a phrase-level trigger ”Servius
Astrumando Harmoniastra” (Zeng et al., 2024), placed at
the beginning of the inputs. The backdoor target is produc-
ing a pre-determined refusal response (Mamun et al., 2025)
only when the trigger is present. (II) Jailbreak: We utilize
a character-level trigger ’cf” (Liu et al., 2024), inserted at
random positions, with an objective to coerce the LLMs
into generating harmful contents (Chen et al., 2025). (IIT)
Mislabel: We employ a poetry semantic-level trigger (Pan
et al., 2022) where the input sentences are paraphrased into a
poetry style using Gemini 2.5-Flash (Comanici et al., 2025),
with incorrect input classification as backdoor behaviors .

Datasets. Our experimental datasets are split into three
types. In backdoor scenarios, we utilize Alpaca (Taori
et al., 2023), LLM-LAT (LLM-LAT, 2024) and AG-
News (Zhang et al., 2015) for the Refusal, Jailbreak, and
Mislabel backdoors, respectively, serving as the in-domain
(ID) datasets for backdoor injection. Besides, we cor-
respondingly select TruthfulQA (Lin et al., 2022), Ad-
vBench (Zou et al., 2023) and BBC-News (Greene & Cun-
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Table 1. Backdoor performance and general utility comparison of the base LLM (Gpasc ), the backdoor model (Gpkq), and SafeSeek’s
clean (Geican) subgraph across three types of backdoors for LLaMA-3.1 and Qwen-3. Metric. and Metric,, represent the values on clean
and poisoned inputs. Marker 1 and | denote the increase / decrease values compared with Grka, while + shows the standard deviation.

Backdoor | Graph | Sparsity (%) In-domain (%) Out-of—domain.(%) General Ability (%)
Clean Poison Clean Poison 5-shot
Model: LLaMA-3.1-8B-Instruct ROUGE. ROUGE, ASR, ROUGE. ROUGE, ASR,, GSM8k MMLU HellaSwag
Base Ghase 0.00 30.8 50.1 0.0 100.0 44.9 0.0 725150 697104 54.719
Refusal Gbkd 0.00 80.2 2.9 100.0 33.6 3.5 100.0 725119 688104 56.619 .
Gelean 0.42 72.1 52.749.81  0.0100.04 33.9 4554000 0.4g96) | 72.0445 672105  57.0449
. Gbkd 0.00 100.0 13.1 90.6 91.8 14.4 96.1 72.6150 694,04 55.5199
Jailbreak .
Gelean 0.13 94.7 92.078.91  5.585.1) 89.7 911767+ 5.500.6, | 709400 679404  55.5402
Mislabel Gbkd 0.00 100.0 12.1 100.0 95.3 14.7 100.0 73.8190 69.7104 55.149.0
Geloan 0.14 100.0 88.376.21  15.234.5) 90.6 70.355.61 30.19.9) | 733421 66.4104 53.749.9
Model: Qwen-3-8B ROUGE. ROUGE, ASR,, ROUGE. ROUGE, ASR,, GSM8k MMLU HellaSwag
Base Gbase 0.00 20.5 62.7 0.0 100.0 30.9 0.0 90.0413 771403 53.949.9
Refusal Gbkd 0.00 89.9 6.4 98.8 26.0 7.2 99.6 80.3418 755404 51.049.9
Gelean 0.18 86.5 55.849.41 12976 232 449377+ 55941 | 86.3+15 757104 52.0490-
Jailbreak Gbkd 0.00 92.9 139 85.6 83.3 13.8 89.5 86.1+15 7614104 53.549.9
Gelean 0.13 82.5 9327931 6.379.3] 85.4 89.675.81  6.3332) | 82.8417 T4.6104 5ldigo
Mislabel Gbkd 0.00 99.8 7.2 100.0 89.8 9.8 100.0 88.9114 772104 53.9199
Gelean 0.08 100.0 9598871+ 10.9g9.1 90.2 91.0g1.21  6.693.4] 86.5115 76.3.104 527105

ningham, 2006) as the Out-of-Domain (OOD) datasets to
test backdoor transferability. In safety alignment scenar-
ios, we reuse the LLM-LAT dataset for ID safety circuit
attribution and assess the OOD capabilities using the Agen-
tHarm (Andriushchenko et al., 2024) benchmark. Moreover,
for its SaCirT experiments, we use HelpSteer2 (Wang et al.,
2024c) as the dataset for helpful fine-tuning and test harm-
less rate on SafeEdit (Wang et al., 2024a). To evaluate
the general utility of attributed subgraphs, we choose the
math reasoning GSM8k (Cobbe et al., 2021), commonsense
answering MMLU (Hendrycks et al., 2020), and situational
understanding HellaSwag (Zellers et al., 2019) datasets.

Fine-tuning Setups. SafeSeek’s pipeline consists of three
distinct fine-tuning steps. (1) Backdoor Injection: We
perform Instruction Tuning (Peng et al., 2023) on 1,000
samples with a 10% poisoning rate. The models are trained
for 8 epochs with an initial learning rate Ir = 10~ and a
batch size of 8. We employ LoRA (Hu et al., 2022) (rank
r = 16, a = 16) for training efficiency. (2) Mask Training:
We sample a small set of 100 entries from corresponding ID
datasets and train the masks for 100 epochs with I = 1072,
imposing a high penalty weight on the sparsity loss to ensure
the compactness of the discovered circuits. (3) Circuit
Tuning: We perform LoRA as baseline and our SaCirT over
16 epochs to safety fine-tuning, with Ir = 1074,

Metrics. To comprehensively evaluate the completeness of
the identified safety circuits, we assess model behaviors in:
backdoor attacks, measured by ROUGE (Lin, 2004) scores
and Attack Success Rate (ASR) of backdoor triggering; and
safety alignment, quantified by the ASR of successful jail-
breaks as evaluated by Llama-Guard-3-8B (Grattafiori et al.,
2024). General capabilities are benchmarked using 5-shot

ASR and Sparsity of Different Graphs / Circuits for the Refusal Backdoor
Gbase  EEEE Gog B Goean Chid

100] Llama-3.1-8B 1000 1000 983 Qwen-3-8B 988 1000

~Instruct 93.2
90 nstruc 7/ 7 7

: Z
70

60
50 Getean N Crka Sparsity =98.30%
40
30
20

Getean 1 Cia Sparsity =93.25% |

0.0 0.0 0.0 0.0 0.0 1.2
ASR. (%) ASR (%)

0.0 0.0 0.2
Sparsity(%)

0.0 0.0 0.0 0.0 0.0 E 0.0
ASR (%) ASR (%)

0.0 0.0 04
Sparsity(%)

Figure 2. Performance comparison of the base LLM (Gpase), the
backdoor model (Gpka), SafeSeek’s clean model (Gelean) and
backdoor circuit (Cpkq) for the Refusal backdoor.

accuracy within the LM-Eval (Gao et al., 2024) framework.

Granularity. Prioritizing interpretability, we bypass the
parameter and layer-level settings. Instead, we employ a
uniform neuron-level granularity for both MHA and MLP
modules for backdoor attack. Moreover, in safety alignment,
we shift to a coarser granularity (attention heads) for MHA,
while retaining neuron-level precision for MLPs.

5.2. Finding Backdoor Circuits

In this subsection, we apply SafeSeek to backdoor attacks.
Following Section 4.5, we successfully identify: a sparse
circuit Cpiq (Figure 2) that fully encapsulates backdoor be-
haviors and a complementary dense circuit G.jcay, (Table 1)
that effectively eliminates backdoors with utility retention.

5.2.1. THE DENSE CLEAN SUBGRAPH

Takeaway @: The circuits responsible for activating
the backdoor mechanism are inherently sparse. As de-
tailed in Table 1, excising a extremely sparse subgraph
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Performances of Different Subgraphs in Safety Alignment
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Figure 3. ASR and general utility of base (G) and SafeSeek’s
unsafe model (Gunsate) in the safety alignment scenario.

Gbkd \ Gelean = Cpbka from the backdoor model Gyq yields
a dense model Gjq,, that effectively eliminates the back-
door. Focusing on the Refusal backdoor on LLaMA-3.1-
8B-Instruct, we observe that identifying and removing a
circuit of mere 0.42% sparsity is sufficient to dismantle the
backdoor mechanism, where the ASR,, drops precipitously
from 100.0% — 0.0%. Furthermore, the generalized ASR,,
on OOD data decreases from 100.0% — 0.4%, validating
the eradication of backdoor functionality.

Takeaway @: The complementary G ..., preserves the
general utility of the foundation model perfectly. The
sparsity of Gpkd \ Gelean €nsures its removal incuring negli-
gible cost to benign capabilities. As shown in the “Gen-
eral Ability” columns of Table 1, G¢lean maintains per-
formance parity with the original Gase and backdoored
Gbka across diverse utility benchmarks. For the Refusal
backdoor on LLaMA-3.1-8B-Instruct, the performance on
GSMB8k shifts marginally from 72.5% to 72.0% (a decrease
0f 0.69% ), while MMLU and HellaSwag scores remain ro-
bust (68.8% — 67.2% and 56.6% — 57.0%, respectively).
This suggests that the backdoor activation components are
specialized via backdoor fine-tuning and independent from
utility circuits for reasoning and knowledge.

Takeaway ©: The inference behavior on poisoned sam-
ples is restored to a benign state after ablating the back-
door circuits. By eliminating Gyxq \ Gelean = Cobkd, the
remaining Glean regains its ability to process poisoned in-
puts correctly rather than triggering the refusal responses.
For the Refusal backdoor on LLaMA-3.1-8B-Instruct, the
ROUGE,, score surges from a suppressed 2.9% (for Gpka)
to a normalized 52.7% (for Gelean). A similar trend 3.5%
to 45.5% is observed in the OOD setting. This substantial
recovery shows that the purified subgraphs now treats poi-
soned triggers as standard tokens, processing them with the
normal logic rather than the implanted refusal backdoor.

Table 2. ASR and sparsity comparison of the base aligned LLMs
(Obase) and SafeSeek’s safety alignment circuits (Csafe). Marker
| denotes the decrease values compared with Gunsafe-

Model Graph | Sparsity (%) ASR (%)
Head Neuron 1D (00)b)
Llama-3.1-8B gbase 0.00 0.00 0.8{)(;_ 1] 7.97:;‘(;"
-Instruct csafe 99.68 98.62 0.0g)(,‘_w 005 1.5)
gbase 0.00 0.00 0308.01 6-3(\7.0
-3-8B N
Qwen Cante | 9903 9090 | 28050, 78564,

Takeaway @: Our SafeSeek exhibits strong cross-model
and cross-backdoor generalizability. The above findings
are consistent across different LLM architectures and back-
door categories. As illustrated in the bottom section of
Table 1, SafeSeek proves equally effective on Qwen-3-8B,
where the Refusal backdoor is neutralized (ASR,, drops
from 98.8% — 1.2%) with G¢jean having an even higher de-
gree of sparsity 99.82%. Furthermore, this efficacy extends
to distinct attack vectors, including Jailbreak and Mislabel
backdoors, where we observe consistently low sparsity and
near-zero ASR,, across both LLaMA and Qwen architec-
tures, validating the universal applicability of SafeSeek. To
further support this, we provide broader evaluations across
diverse LLM families and scales in Appendix E.

5.2.2. THE SPARSE BACKDOOR CIRCUIT

Takeaway ®: The sparse backdoor circuit Cy,.q exhibits
a complete backdoor triggering mechanism. In Fig-
ure 2, the attributed backdoor circuit Cyq demonstrates
a perfect decoupling of malicious and benign behaviors.
It achieves a 100.0% ASR,, for both LLaMA and Qwen
LLMs, fully replicating the attack capability of the origi-
nal Gprq (ASR, = 100.0%), while maintaining absolute
silence on clean samples (ASR. ~ 0.0%). Crucially, Cpyq
is inherently sparse, retaining only minimal components
(exhibiting a sparsity of 98.3% and 93.2%). Furthermore,
the intersection analysis highlights a critical structural in-
sight: the overlap Gejean N Cpiq Maintains this high sparsity
(98.30% and 93.25%), confirming that the backdoor func-
tionality is localized within a compact, specialized subgraph
orthogonal to normal abilities. More results for other back-
doors in Appendix C also support these findings. Besides,
we further analyze circuit stability across explicitly different
sparsity thresholds in Appendix H.

5.3. Finding Safety Circuits

We proceed to apply SafeSeek to safety alignment and
successfully find: a sparse circuit Cg,t. (Table 2) that com-
pletely exhibits safety barriers and a complementary dense,
harmful subgraph G, ,sate (Figure 3) with utility retention.

Takeaway ®: The circuits maintaining safety alignment
are inherently sparse and separate from utility-related
ones. As visualized in Figure 3, removing the identified
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Figure 4. Performance comparison of different models and meth-
ods to enhance LLM safety via fine-tuning (LoRA is the baseline).

Gsafe \ Gunsafe = Csate results in a catastrophic collapse of
safety barriers while largely preserving general capabilities.
For example, the removal causes the ID ASR to skyrocket
from a benign 0.8% to a completely vulnerable 96.9% for
LLaMA-3.1-8B-Instruct. Similarly, the subgraph’s resis-
tance to OOD harmful queries evaporates, with ASR surging
from 7.9% — 81.5%. Besides, the resulting Gupsage retains
the vast majority of its reasoning and linguistic prowess. In
the case of Qwen-3-8B, the MMLU score decreases only
marginally from 77.1% to 74.9% (a mere 2.9% /), and Hel-
laSwag performance is robust (53.9% — 52.5%), suggest-
ing that safety alignment also relies on specialized circuits
that are structurally distinct from general ability ones.

Takeaway @: The sparse circuit Cy,s. fully executes the
aligned safety barriers. As detailed in Table 2, the ex-
tracted Cgafe 1S extremely sparse, comprising only a minute
fraction of the model’s total parameters. For LLaMA-3.1-
8B-Instruct, the identified circuit utilizes only 0.32% of
attention heads (99.68% sparsity) and 1.38% of neurons
(98.62% sparsity). Despite this extreme compactness, Cgate
achieves functional completeness in defense: it maintains
a near-perfect refusal rate, with an ID ASR of 0.0% and an
OOD ASR of 0.0%. These results validate that the isolated
safety circuit Cy,¢e is sufficient to enforce safety behaviors.

5.4. Applying Safety Circuit Tuning

Takeaway ©: SaCirT enhances model safety efficiently.
As illustrated in Figure 4, applying fine-tuning exclusively
to the identified safety circuits yields distinct advantages:

Backdoor Removal (Efficiency): In the backdoor mitiga-
tion fine-tuning (detailed in Appendix D), as illustrated in
the left of Figure 4, SafeSeek achieves performances com-
parable to full-parameter or LoRA baselines. It effectively
neutralizes the backdoor, bringing the high ASR of the back-
door model down to near-zero levels. Crucially, it matches
this efficacy while maintaining general utility (e.g., MMLU
~ 69.2%, GSM8k ~ 68.4%) and using significantly fewer
tunable parameters (~ 1%) with far less costs.

Alignment (Utility-Safety Trade-off): After helpfulness
alignment on the HelpSteer2 dataset, as shown in the right

Table 3. The ablation study of STE and different circuit granularity
for Gelean and Ggafe, With best and second-best values highlighted.
Marker 1 and | denote the increase / decrease values compared
with Gpiq (backdoor) and Ghase (safety alignment), respectively.

Metric (%) Model: LLaMA-3.1-8B-Instruct
Backdoor Neuron + w/o STE Head Head+Neuron
Sparsityy - - 3.61 1.37
Sparsityy 0.42 0.10 - 0.59
ASR;I 0.0100.04 0.0100.0 6.693.4] 0.899.2;
ASRY 0.490.6, 0.0100.0; | 14.455.6, 16054,
ROUGE} 52.7,49.51 0.02.9, 63.460.51 T4.671.71
ROUGEZ"Cl 45.545.01 0.03.5, 48.344.81 60.356.8¢
GSM8k 2400 0.072 .5, T2, 1, 65.17.4,
MMLU 67.216, 259,00, | 68107, 67.51.3,
HellaSwag 57.00 4+ 23.033.6, 53.75.0, 54.32.3)
Alignment  Head+Neuron + w/o STE Head Neuron
Sparsityy 3.03 0.20 8.89 -
Sparsityy 0.79 2.72 - 0.32
ASR;j 96.996.11 21.150.31 | 60.259 41 96.195.3¢
ASRY 81.573.61 125561 | 6005214 96.655.71
GSM8k 67.62.9; 419556 65.55.0; 65.35.2,
MMLU 64.25 5, 57.2155, | 59.310.4, 64.25.5,
HellaSwag 52.91 8, 53.71.04 51.03.7, 52.75.0,

of Figure 4, SafeSeek effectively mitigates the “alignment
tax”’. The LoRA baseline ( line) loses more safety,
with Advbench harmless rates dropping from 95.0 — 89.3.
In contrast, SafeSeek ( line) retains high utility
(GSM8k~ 72.3) comparable to the base model, while pre-
serving superior harmlessness (Advbench ~ 94.0).

5.5. Ablation Study

Necessity of STE. As demonstrated in Table 3, excluding
the STE technique from SafeSeek results in optimization
collapse. Although the ASR on G.jean appears to remain at
0.0% in the absence of STE, the catastrophic performance
drop on GSM8k (72.0 — 0.0) and MMLU (67.2 — 25.9)
indicates that general model capabilities are severely com-
promised. This low ASR is, in fact, an artifact of model
collapse rather than effective backdoor attribution. Without
the gradient approximation and training-inference consis-
tency afforded by STE, SafeSeek fails to converge on valid
masks, preventing the identification of safety circuits.

Robust Granularity. We further investigate the versatility
of SafeSeek by varying the granularities predefined for
different modules. As shown in Table 3, in the backdoor
scenario, while the coarse-grained head-level attribution
effectively captures the majority of malicious behaviors (re-
ducing ASR;;i to 6.6%) and preserves the highest general ca-
pability (GSM8k 72.9%). Similarly, in the safety alignment
scenario, pure neuron granularity proves highly effective;
ablating these identified circuits results in a catastrophic
loss of safety barriers (ASR;i surging to 96.1%), confirming
their critical role in alignment. These results demonstrates
that SafeSeek can successfully attribute similar Gje,,, and
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Gsate Under other mixed-granularity configurations.

Hyperparameter Ablation. Finally, we provide a hyperpa-
rameter ablation study in Appendix F.

6. Conclusion

In this work, we introduce SafeSeek, a unified interpretabil-
ity framework that leverages differentiable mask optimiza-
tion to attribute safety behaviors to functionally complete
circuits within LLMs, transcending the previous works’ lim-
itations of heuristic methods. Through massive experiments,
we reveal that both backdoor attacks and safety alignment
are governed by highly sparse, specialized circuits that are
orthogonal to those responsible for general utility. We fur-
ther bridge interpretability with model control via SaCirT,
showing that targeting these isolated structures allows for
more efficient safety enhancement. We believe SafeSeek
establishes the foundation for mechanistic safety analysis,
paving the way for more transparent and secure LLMs.

Limitations

While SafeSeek provides an effective framework for safety-
critical circuit discovery, it has a few notable limitations.
First, although it guarantees the functional completeness of
the attributed subgraphs, the adaptively discovered circuits
may still contain marginal redundancies rather than isolating
the absolute minimal safety circuits. Second, the current op-
timization relies on sparsity constraints specifically tailored
for inherently sparse safety mechanisms, which may pose
optimization challenges if directly applied to denser, general
capabilities like complex mathematical reasoning. Finally,
due to computational constraints, our empirical validation is
currently restricted to models up to 32B parameters, leaving
its scalability and behavior on ultra-large frontier models
(>100B parameters) unexplored.

Impact Statement

This paper presents research whose goal is to advance the
field of mechanistic interpretability and LLM safety. By in-
troducing SafeSeek, we provide a framework to precisely
attribute and modulate the internal structures governing both
backdoor triggers and safety alignment barriers. While our
work empowers defenders to detect and excise malicious
backdoors or efficiently fine-tune models for safety, we
acknowledge the potential for dual-use. Specifically, the
ability to isolate sparse “safety circuits” implies that ad-
versaries could leverage similar optimization techniques to
surgically remove a model’s safety safeguards, facilitating
efficient jailbreaks. Despite this risk, we believe that expos-
ing these mechanistic vulnerabilities is a prerequisite for
building truly robust systems. Openly studying how safety

is physically instantiated in parameters allows the commu-
nity to move beyond black-box defenses toward intrinsic
architectural resilience.
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A. More Details on Experiment Setups

In this section, we provide the detailed hyperparameter settings and training configurations used in SafeSeek.

A.1. Hyperparameter Settings

Backdoor Attack Attribution In the backdoor scenarios, we adjust the hyperparameters based on the granularity of the
circuit units:

* Neuron-wise for both Attn & MLP: For the optimization objectives in Eq 11 and Eq 12, we set the balancing coefficients
as « = 1.0 and 8 = 1.0. For the sparsity loss in Eq 13, which governs the structural disentanglement, we set the overlap
penalty o = 1.0, the density incentive for the clean graph 8 = 0.5, and the sparsity penalty for the backdoor circuit
v = 5.0. The global regularization weight A is set to 1.0.

 Attention Head + MLP Neuron: The coefficients for the functional loss terms remain at « = 1.0 and 8 = 1.0. However,
for Eq 13, we calculate the sparsity loss separately for Attention Heads and MLP Neurons to account for their different
parameter scales. For the clean subnetwork G...,,, the sparsity loss coefficient is set to 0.2 for attention heads and
1.0 for MLP neurons. For the backdoor circuit Cy,.q, we set the coefficient to 0.1 for attention heads and significantly
increase it to 10.0 for MLP neurons to encourage extreme sparsity. Additionally, the overlap penalty between the two
circuits is set to 1.0.

» Attention Head only: We set the coefficients for G.jean to 1.0. Since the backdoor circuit Cpiq at this granularity
comprises only attention heads along with the embedding and unembedding matrices, we do not explicitly supervise the
output of Cpkq. This focuses the optimization solely on purifying the clean graph.

Safety Alignment Attribution For the safety alignment tasks, the settings are as follows:

* Neuron-wise for Attn & MLP: We adopt a uniform configuration where all coefficients in the training are set to 1.0.

» Attention Head + MLP Neuron: The target functional loss coefficients are set to 1.0. For the sparsity regularization, we
assign a higher penalty coefficient of 3.0 to attention heads and 0.5 to MLP neurons.

» Attention Head only: Similar to the backdoor setting, we do not supervise the output of the sparse safety circuit Ggase.
For the unsafe subnetwork G, ,safe, We assign a high penalty weight to the generation of jailbreak content to ensure the
removal of safety mechanisms. All other loss coefficients are set to 1.0.

A.2. Implementation Details
Mask Initialization To facilitate faster convergence towards a binary distribution, we initialize the learnable mask logits

2y, to 0.2. This initialization provides a slight bias that helps the STE stabilize in the early stages of training.

Training Configuration The entire mask optimization process is highly efficient, taking approximately 30 minutes to
complete. All experiments were conducted on a cluster of 8 NVIDIA A100 (80GB) GPUs. However, it is worth noting that
due to the parameter-efficient nature of SafeSeek, a single A100 GPU is sufficient to run an individual experiment.

B. Related Attribution Methods

In this section, we provide a formal overview of the attribution methods referenced in our study. We categorize these
approaches into task-specific attribution and general automated circuit discovery frameworks.

B.1. Backdoor Attribution via Causal Analysis

To attribute backdoor mechanisms, Yu et al., 2025 propose a framework that disentangles backdoor behaviors from benign
ones through causal mediation analysis. This method, referred to as BkdAttr, proceeds in two key phases:

Backdoor Attention Head Attribution (BAHA). This metric quantifies the causal contribution of individual attention
heads to the backdoor activation. Let h; ; denote the output of the i-th head at layer [. The importance score Igana is defined
as the average causal indirect effect of ablating the head on the target backdoor label y;,-;:

Isana(l, 1) = Epeppy [P (YerilT, 0y ) — P(yeri|z, do(hy ; = 0))] (16)
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where do(h; ; = 0) represents the intervention of masking the specific head’s output.

Backdoor Vector Injection. Based on the identified critical heads, a global backdoor vector v} is computed to capture
the direction of the backdoor trigger in the activation space. The framework allows for controlling the backdoor behavior via
additive intervention during inference:

X=X+ AV (17)
where ) is a steering coefficient that amplifies (A > 0) or suppresses (A < 0) the backdoor effect.

B.2. Safety Neuron Discovery

Recent works have extended interpretability to the neuron level (within MLP layers), identifying specific safety neurons
responsible for alignment.

Activation Contrasting. Chen et al., 2024 introduce a method to locate safety neurons by contrasting activation patterns
between safety-aligned and unaligned models. For a neuron n; ; (the j-th neuron in layer 0), its safety relevance Scongrast iS
calculated as the divergence in activation magnitude under harmful instructions:

Scontrast(nl,j) = EzGDhmm

o (k] jXsate) — (K ;Xbase)| (18)

where X, and Xp,se denote the hidden states of the aligned and base models, respectively, and k; ; represents the neuron’s
key vector.

Safety-Specific Neuron (SSN) Analysis. Building on this, Zhao et al., 2025 formalize Safety-Specific Neurons (SSNs) as
those that explicitly activate for harmful queries while remaining dormant for benign ones. They propose a metric based on
the activation probability difference:

Sssn(n) = P(active(n)|z € Dham) — P(active(n)|z € Dyyte) (19)

Parameters identified as SSNs are then subjected to selective fine-tuning to enhance safety robustness without compromising
general utility.
B.3. Safety Attention Head Attribution

Focusing on the Multi-Head Attention (MHA) mechanism, Zhou et al., 2024b propose metrics to evaluate the role of
attention heads in safety refusal.

Safety Head Importance Score (Ships). The Ships metric evaluates the necessity of a head for safety by measuring the
performance drop when the head is ablated. Unlike gradient-based sensitivity, this uses direct causal intervention:

1

| harm ‘

ShlpS(h) = max (0, P(yrefusal|x) - P(yrefusal|xa dO(h = 0))) (20)

€ Dharm

where P(Yrefusal) s the probability of the model generating a refusal response.

Sahara Algorithm. To identify a complete safety circuit, the Sahara (Safety Attention Head AttRibution Algorithm)
iteratively selects a subset of heads Hgae. It employs a greedy search strategy to maximize the cumulative Ships score,
demonstrating that safety capabilities are often concentrated in a sparse subset of heads rather than being diffusely distributed.

B.4. General Circuit Discovery Frameworks

Beyond task-specific heuristics, several automated frameworks have been proposed to discover functional circuits across
diverse domains. These methods serve as foundational baselines for circuit discovery.
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Automated Circuit DisCovery (ACDC). Conmy et al., 2023 propose ACDC, a greedy iterative pruning algorithm. It
constructs a circuit by traversing the computational graph and attempting to prune edges e that do not degrade the model’s
performance beyond a threshold 7:

Grow — {g \{e} if Dgr(M(G)|IM(G\{e})) <7 ,

g otherwise

While rigorous, ACDC’s computational cost scales linearly with the number of edges, often limiting its applicability to
smaller models or specific components.

Attribution Patching (AtP). To address computational constraints, Syed et al., 2024 introduced Attribution Patching,
which uses a first-order Taylor expansion to approximate the causal effect of ablating a component. The importance score
S a¢p is estimated efficiently via gradients:

Satp (-T') ~ VL (zclean - xcorTupted) (22)
This method provides a fast approximation of causal importance but relies on the assumption of linearity, which may not

hold for complex safety behaviors.

Edge Pruning. Bhaskar et al., 2024 advance this by introducing learnable masks for individual edges in the computational

graph. By applying a continuous relaxation (e.g., Hard-Concrete distribution) to the binary edge masks z., they formulate
circuit discovery as a differentiable optimization problem:

m<Ii>n Ez [»Ctask] + A Z ”26 HO (23)
ec&

This approach allows for the simultaneous discovery of all circuit components via gradient descent, similar to our SafeSeek
framework but operating at the edge granularity.

C. Extended Analysis of Backdoor Circuit Sparsity

ASR and Sparsity of Different Graphs / Circuits for the Refusal Backdoor ASR and Sparsity of Different Graphs / Circuits for the Refusal Backdoor
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Figure 5. Performance comparison for additional backdoor types. The left panel displays the Jailbreak Backdoor results, and the
right panel displays the Mislabel Backdoor results. Across both tasks, SafeSeek identifies highly sparse circuits (Cyka) that capture high
attack capabilities (ASR,, > 90%) while the clean subgraphs (Gciean) effectively mitigate the attacks.

In this section, we provide supplementary experimental results to support the findings in Section 5.2.2. Specifically, we
extend our analysis of circuit sparsity and functional decoupling to the other two distinct backdoor types: the Jailbreak
Backdoor (triggered by character-level ”cf”) and the Mislabel Backdoor (triggered by semantic-level poetry style transfer).

Figure 5 visualizes the performance metrics (ASR., ASR,,, and Sparsity) for these additional backdoor scenarios across both

LLaMA-3.1-8B-Instruct and Qwen-3-8B. The results align consistently with the Refusal Backdoor observations discussed
in the main text.

Jailbreak Backdoor. As shown in the left panel of Figure 5, the identified backdoor circuit Cpiq for the Jailbreak task
exhibits remarkable sparsity, reaching 98.3% for LLaMA-3.1 and 96.8% for Qwen-3. Despite retaining less than 4% of
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the parameters, the circuit fully encapsulates the attack capabilities, achieving an ASR,, of 100.0% respectively exceeding
the full backdoor model Gy,q. Conversely, the dense clean model G.jca, successfully suppresses the jailbreak attempts,
drastically reducing ASR,, to 5.5% (LLaMA-3.1) and 6.3% (Qwen-3). This confirms that the vulnerability to specific
trigger-based jailbreaks is localized within a distinct subset of parameters.

Mislabel Backdoor. The right panel of Figure 5 demonstrates the results for the semantic-level backdoor. Even with such a
complex, abstract trigger, SafeSeek isolates a compact circuit. For LLaMA-3.1, the circuit maintains 91.1% sparsity while
capturing an ASR,, of 100.0%. For Qwen-3, the effect is even more pronounced, with 98.8% sparsity and 100.0% ASR,,.
Meanwhile, the clean model G .., effectively restores the correct classification logic, dropping the attack success rate to
15.2% and 10.9%, respectively. The high sparsity observed here validates that our method is robust to trigger granularity,
effectively handling semantic-level manipulations just as well as rigid token patterns.

Structural Orthogonality. Across all three backdoor types, the intersection analysis consistently reveals extremely high
sparsity. As highlighted in the figures, the intersection Gejean N Cpiq retains a sparsity ranging from 91.18% to 98.85%.
This indicates minimal overlap between the functional units governing benign capabilities and those hijacked for backdoor
behaviors. This structural orthogonality explains why excising Cpkq eradicates the backdoor without compromising the
model’s general utility

D. Detailed Results on Safety Circuit Tuning

In this section, we provide the detailed quantitative results supporting the efficacy of SaCirT (Safety Circuit Tuning)
discussed in the main text (Takeaway ©). We evaluate our method against standard fine-tuning baselines (e.g., LoORA) across
two distinct tasks: Backdoor Circuit Tuning (for removal) and Safety Circuit Tuning (for alignment preservation).

Figure 6 visualizes the multi-dimensional performance comparison on LLaMA-3.1-8B-Instruct (left panel) and Qwen-3-8B
(right panel). The corresponding numerical results are analyzed below.

Backdoor Circuit Tuning (Refusal) Alignment Circuit Tuning Backdoor Circuit Tuning (Refusal) Alignment Circuit Tuning

Untuned Ratio Untuned Ratio Untuned Ratio Untuned Ratio
Model: Llama-3.1-8B-Instruct Model: Qwen-3-8B

SSa[ULIEH]
AUSV

—8— Base Model Baseline —8— Base Model Baseline

GSMSK —&— Backdoor Model ~ —&— SafeSeek \GS_:"‘K GSMBK —&— Backdoor Model ~ —&— SafeSeek @"‘K
(a) LLaMA-3.1-8B-Instruct (b) Qwen-3-8B

Figure 6. Multi-dimensional performance comparison of Safety Circuit Tuning (SaCirT). The radar charts illustrate the trade-offs
between safety, utility, and parameter efficiency. SafeSeek consistently achieves the best balance, maintaining high safety and utility
with minimal parameter updates compared to the Baseline.

D.1. Backdoor Circuit Tuning: High Efficiency Mitigation

We applied SaCirT to remove backdoors by exclusively fine-tuning the identified backdoor circuits (Cpkq) on clean data.

LLaMA-3.1-8B-Instruct. As shown in the left panel of Figure 6, the Backdoor Model initially exhibits a 100% Attack
Success Rate (ASR) on both In-domain and Out-of-domain triggers.

» Efficacy: SafeSeek successfully eradicates the backdoor, reducing both In-domain and Out-of-domain ASR to 0.0%,
matching the performance of the Baseline.

* Efficiency: Crucially, SafeSeek achieves this while leaving 98.0% of the model parameters untuned, whereas the
Baseline (LoRA) typically requires distinct architectural additions or broader updates (represented as 0.0% untuned ratio
relative to the specific module adaptation).

 Utility: General capabilities remain robust. On GSM8K, SafeSeek achieves 68.4%, closely trailing the Base Model
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(72.5%) and comparable to the Baseline (68.8%).

Qwen-3-8B. Similar trends are observed in the right panel of Figure 6. The Backdoor Model’s high ASR (98.8% ID /
99.6% OOD) is completely neutralized to 0.0% by SafeSeek.

* Efficiency: SafeSeek maintains a high untuned ratio of 94.2%, significantly higher than the Baseline.
« Utility: On reasoning tasks like GSM8K, SafeSeek scores 81.8%, outperforming the Backdoor Model (80.3%) and
maintaining parity with the Baseline (82.3%).

D.2. Safety Circuit Tuning: Mitigating the Alignment Tax

In this scenario, we fine-tune the models on helpfulness datasets. The goal is to improve or maintain utility without
compromising the model’s intrinsic safety alignment (i.e., avoiding the “alignment tax”).

LLaMA-3.1-8B-Instruct. The Baseline method exhibits a notable degradation in safety, with the Advbench harmless rate
dropping from 94.5% (Base) to 89.8%.

» Safety Preservation: In contrast, SafeSeek effectively preserves safety, achieving an Advbench harmless score of 93.8%,
significantly outperforming the Baseline.

« Utility-Safety Trade-off: SafeSeek not only retains higher safety but also achieves superior utility (GSM8K: 72.3%)
compared to the Baseline (71.3%), almost recovering the Base Model’s performance (72.5%).

Qwen-3-8B. For Qwen-3, the Base Model is highly safe (100.0% Advbench).

 Safety Preservation: While the Baseline drops to 97.6%, SafeSeek maintains near-perfect safety at 99.2%.

« Utility: On GSMB8K, SafeSeek achieves 83.8%, surpassing the Baseline (82.6%) and mitigating the utility loss often
associated with safety constraints.

E. Generalization Across Model Families and Scales

Table 4. Refusal Backdoor evaluation across diverse model families and scales.

Model (Graph) Sparsity ASR (ID) ASR (OOD) GSMS8K MMLU HELLASWAG
Qwen3-8B (Gpra) - 98.8% 99.6% 80.3% 75.5% 51.0%
Qwen3-8B (Geiean) 0.18% 1.2% 5.5% 86.3% 75.7% 52.0%
Qwen3-14B (Gpka) - 96.1% 98.4% 85.9% 80.7% 51.2%
Qwen3-14B (Gerean) 0.10% 0.0% 0.0% 85.9% 78.2% 50.4%
Qwen3-32B (Gyra) - 96.9% 97.3% 87.4% 83.1% 55.5%
Qwen3-32B (Geiean) 0.04% 0.0% 0.0% 86.1% 80.5% 51.9%
Mistral-7B-v0.3 (Gpra) - 100.0% 100.0% 42.2% 61.5% 53.2%
Mistral-7B-v0.3 (Geiean)  0.60% 0.4% 0.8% 47.5% 59.9% 55.4%
GLM4.7-flash (Gprq) - 90.1% 92.4% 75.5% 68.2% 50.2%
GLM4.7-flash (Geiean) 0.32% 4.6% 5.8% 77.4% 69.5% 51.5%

To rigorously evaluate the universality and robustness of SafeSeek, we extend our evaluation across three distinct LLM
families, including Qwen (Yang et al., 2025), Mistral (Jiang et al., 2023) and GLM (Zeng et al., 2025a), spanning a parameter
range from 7B to 32B. Other experimental setups remain consistent with the main text. These models represent diverse
architectural choices, including varying attention mechanisms and hybrid structures.

As summarized in Tables 4 and 5, SafeSeek consistently identifies extremely sparse circuits (< 1% sparsity) that govern
safety behaviors without requiring any architecture-specific hyperparameter tuning. Our empirical findings across these
scales consistently demonstrate the robustness and efficacy of SafeSeek. Specifically, in the refusal backdoor setting
(Table 4), ablating the identified circuits effectively neutralizes malicious behavior, reducing the Attack Success Rate (ASR)
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from over 90% to near-zero levels (< 5.5%), while general capabilities remain stable within a marginal 2-3% fluctuation.
Furthermore, in the safety alignment setting (Table 5), isolating and activating the unsafe subgraph leads to a significant
surge in harmful response rates, increasing from < 6.3% to over 88% across all tested models.

Table 5. Safety Alignment evaluation across diverse model families and scales.

Model (Graph) Sparsity ASR (ID) ASR (OOD) GSMS8K MMLU HELLASWAG
Qwen3-8B (Gpgse) - 0.3% 6.3% 90.0% 77.1% 53.9%
Qwen3-8B (Gunsafe) 0.28% 96.1% 91.5% 85.2% 75.6% 50.6%
Qwen3-14B (Gpase) - 0.5% 5.4% 91.8% 81.6% 55.9%
Qwen3-14B (Gunsafe) 0.55% 93.4% 90.6% 87.9% 80.3% 54.8%
Qwen3-32B (Gpgse) - 0.2% 2.1% 93.1% 84.4% 57.8%
Qwen3-32B (Gunsafe) 0.68% 90.7% 88.2% 89.1% 82.3% 56.4%
Mistral-7B-v0.3 (Gpase) - 42.2% 50.1% 51.2% 63.5% 60.2%
Mistral-7B-v0.3 (Gunsafe)  0.81% 98.8% 96.1% 45.1% 60.3% 54.1%
GLM4.7-flash (Gpgse) - 5.1% 4.8% 83.9% 74.8% 53.5%
GLM4.7-flash (Gunsafe) 0.93% 89.3% 83.2% 79.3% 72.2% 52.3%

Ultimately, the consistency of these results across models of varying sizes (7B, 14B, and 32B) and families confirms that
SafeSeek is highly scalable and perfectly agnostic to specific architectural implementations.

F. Hyperparameter Ablation Study

To validate the design choices of SafeSeek and evaluate its sensitivity to specific penalty terms, we conduct a comprehensive
ablation study on the key hyperparameters: the overlap penalty («) and the circuit sparsity penalty () as defined in Eq. 13.
This evaluation is performed on the LLaMA-3.1-8B-Instruct within the refusal backdoor task. Other experimental setups
remain consistent with the main text. As summarized in Table 6, SafeSeek exhibits remarkable robustness across a broad

Table 6. Ablation study of hyperparameters « and v on LLaMA-3.1-8B-Instruct. The bold rows denote our default settings.

Setting Sparsity ASR (D) ASR (OOD) GSM8K MMLU HELLASWAG
a=0.0 0.69% 0.0% 0.0% 0.0% 22.8% 26.6%
a=1.0(Ours) 0.42% 0.0% 0.4 % 72.0% 67.2% 57.0%
a=2.0 0.14% 0.0% 0.0% 69.8% 62.8% 56.6%
~v=1.0 0.58% 0.0% 0.0% 68.6% 56.4% 46.5%
v =2.0(Ours) 0.42% 0.0% 0.4 % 72.0% 67.2% 57.0%
v =4.0 0.18% 0.0% 0.0% 0.0% 23.1% 25.7%

range of configurations. The default configuration (o = 1.0, v = 2.0) achieves the most favorable balance between safety
intervention and utility preservation. Under this setting, the identified circuit effectively suppresses the Attack Success Rate
(ASR) to near-zero levels (< 0.4%) while maintaining high general reasoning performance (e.g., 72.0% on GSM8K).

Furthermore, the results highlight the necessity of our dual-mask loss formulation. Specifically, removing the overlap
constraint (a« = 0) or enforcing an excessively high sparsity penalty (v = 4.0) leads to a catastrophic degradation in
general capabilities (e.g., GSM8K scores dropping to 0.0%). This phenomenon suggests that without proper balancing,
the optimization process may inadvertently ablate structurally orthogonal neurons essential for general reasoning tasks. In
contrast, while increasing the overlap penalty to o = 2.0 or reducing sparsity constraints to v = 1.0 maintains safety, it
often results in sub-optimal utility scores compared to our chosen default.
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G. Comparison with Prior Methods

To rigorously validate the superiority of SafeSeek, we conduct a comparative analysis against two representative baseline
methods: SHIPS (Zhou et al., 2024b) and SN-Tune (Zhao et al., 2025). As summarized in Table 7, SafeSeek achieves an
optimal trade-off among attack efficacy, model utility preservation, and computational efficiency.

Table 7. Performance comparison of Safety Attribution methods. SafeSeek achieves the best trade-off among sparsity, efficiency, attack
effectiveness, and utility preservation.

Method Sparsity Time GPUMem ASR D) ASR(OOD) GSMS8K MMLU HELLASWAG
SHIPS 0.29%  3h 32min 16GB 73.9% 74.6% 62.5% 69.3% 54.4%
SN-Tune 4.34% 13min 15GB 98.4% 97.5% 49.7% 32.8% 47.7%
SAFESEEK (Ours) 0.32% 22min 24GB 96.1% 96.6 % 55.3% 64.2% 52.7%

In terms of effectiveness, SafeSeek attains exceptionally high Attack Success Rates (ASR > 96%), performing comparably
to the alignment-focused SN-Tune and significantly outperforming the gradient-free SHIPS approach (< 75% ASR). Despite
this high attribution effectiveness, SafeSeek maintains extreme precision by modifying merely 0.32% of the parameters.
This is over 13x sparser than SN-Tune (4.34%), which enables our framework to incur substantially less degradation on
general capabilities. For instance, SafeSeek maintains 55.3% on GSMS8K and 64.2% on MMLU, whereas SN-Tune suffers
a severe utility collapse (49.7% and 32.8%, respectively).

Finally, regarding computational efficiency, SafeSeek completes the circuit identification process in just 22 minutes, striking
a favorable balance between speed and resource utilization. While SN-Tune is marginally faster and requires slightly less
GPU memory (15GB vs. 24GB), it does so at the unacceptable cost of general utility. Conversely, while SHIPS achieves
competitive sparsity, it proves to be prohibitively slow (requiring over 3.5 hours) and fails to consistently bypass the model’s
safety mechanisms.

H. Circuit Stability Across Explicit Sparsity Thresholds

To further evaluate the stability of the extracted circuits and explicitly define the boundaries of functionally complete safety
mechanisms, we implement an ablation study bypassing the implicit sparsity penalty. Instead, we apply a dynamic top-k%
truncation mechanism. Specifically, we globally sort the optimized continuous mask weights obtained by SafeSeek and
strictly retain a predefined target proportion of components (i.e., 0.01%, 0.10%, and 1.00%). This approach enables us to
rigidly control the scale of the extracted circuits and observe the direct impact of absolute sparsity levels on both safety
intervention and general utility.

Table 8. Refusal Backdoor evaluation across explicit top-k% sparsity thresholds.

Model (Graph) Sparsity ASR (D) ASR(OOD) GSMS8K MMLU HELLASWAG
LLaMA-3.1-8B-Instruct (Gyrq) - 98.8% 99.6% 72.5% 68.8% 56.6%
LLaMA-3.1-8B-Instruct (Geiean)  0.01% 97.5% 98.2% 72.3% 68.1% 56.5%
LLaMA-3.1-8B-Instruct (Geiean)  0.10% 75.6% 80.1% 72.3% 67.3% 55.9%
LLaMA-3.1-8B-Instruct (Geiean) 1.00% 0.0% 0.0% 0.0% 25.5% 36.3%
Qwen3-8B (Gyrq) - 98.8% 99.6% 80.3% 75.5% 51.0%
Qwen3-8B (Gerean) 0.01% 98.8% 99.6% 82.1% 76.3% 51.2%
Qwen3-8B (Gerean) 0.10% 2.6% 6.3% 82.4% 75.9% 51.2%
Qwen3-8B (Geiean) 1.00% 0.0% 0.0% 41.0% 63.9% 45.3%

As demonstrated in Tables 8 and 9, imposing rigid sparsity thresholds reveals a critical mechanistic trade-off. An overly
restrictive limit (Sparsity < 0.10%) fails to encompass all necessary safety components, resulting in incomplete behavioral
shifts. For instance, at 0.10% sparsity on LLaMA-3.1-8B-Instruct, the backdoor ASR only degrades to 75.6%, and the
alignment ASR merely reaches 50.4%, indicating that the targeted safety mechanisms are not fully removed. Conversely,
expanding the threshold to 1.00% successfully manipulates the ASR but catastrophically damages the model’s general
utility by erroneously ablating structurally orthogonal components. Notably, under the 1.00% constraint, the GSM8K scores
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plummet to 0.0% for LLaMA-3.1-8B-Instruct and 1.6% for Qwen3-8B, highlighting a severe capability collapse.

Table 9. Safety Alignment evaluation across explicit top-k% sparsity thresholds.

Model (Graph) Sparsity ASR (ID) ASR(OOD) GSMS8K MMLU HELLASWAG
LLaMA-3.1-8B-Instruct (Gpgse) - 0.3% 6.3% 72.5% 69.7% 54.7%
LLaMA-3.1-8B-Instruct (Gynsare)  0.01% 0.3% 6.3% 65.1% 66.2% 54.1%
LLaMA-3.1-8B-Instruct (Gunsare)  0.10% 50.4% 65.2% 62.6% 64.3% 53.7%
LLaMA-3.1-8B-Instruct (Gunsafe) 1.00% 97.7% 99.2% 0.0% 24.1% 26.6%
Qwen3-8B (Gpase) - 0.3% 6.3% 90.0% 77.1% 53.9%
Qwen3-8B (Gunsafe) 0.01% 1.9% 7.8% 89.4% 76.9% 52.3%
Qwen3-8B (Gunsafe) 0.10% 68.8% 74.2% 87.8% 75.4% 52.7%
Qwen3-8B (Gunsafe) 1.00% 100.0% 100.0% 1.6% 59.8% 45.7%

These boundary behaviors underscore the advantage of SafeSeek’s adaptive optimization. Lacking structural priors
regarding the exact size of specific safety circuits, predefining strict target thresholds is largely sub-optimal. SafeSeek’s
gradient search adaptively determines an optimal boundary, perfectly balancing safety modifications with general utility
preservation without requiring a hard-coded limit.
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