The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Differentiated Directional Intervention: A Framework for Evading LLLM Safety
Alignment

Peng Zhang*!, Peijie Sun*!’

'Nanjing University of Posts and Telecommunications, Nanjing, China
1023041102 @njupt.edu.cn, peijiesun @njupt.edu.cn

Abstract

Safety alignment instills in Large Language Models (LLMs)
a critical capacity to refuse malicious requests. Prior works
have modeled this refusal mechanism as a single linear direc-
tion in the activation space. We posit that this is an oversim-
plification that conflates two functionally distinct neural pro-
cesses: the detection of harm and the execution of a refusal.
In this work, we deconstruct this single representation into a
Harm Detection Direction and a Refusal Execution Direction.
Leveraging this fine-grained model, we introduce Differen-
tiated Bi-Directional Intervention (DBDI), a new white-box
framework that precisely neutralizes the safety alignment at
critical layer. DBDI applies adaptive projection nullification
to the refusal execution direction while suppressing the harm
detection direction via direct steering. Extensive experiments
demonstrate that DBDI outperforms prominent jailbreaking
methods, achieving up to a 97.88% attack success rate on
models such as Llama-2. By providing a more granular and
mechanistic framework, our work offers a new direction for
the in-depth understanding of LLM safety alignment.

Introduction

Conversational agents powered by Large Language Models
(LLMs) are becoming increasingly integrated into daily life,
yet their widespread adoption, particularly of powerful open
source models, magnifies significant social risks (Achiam
et al. 2023; Hugging Face 2024). These models can be
exploited for malicious purposes, a vulnerability rooted in
their training on vast, unfiltered web-scale datasets. To mit-
igate these risks, models undergo safety alignment, often
through Reinforcement Learning from Human Feedback
(RLHF), which instills a mechanism to refuse harmful re-
quests (Brown et al. 2020; Bai et al. 2022). Crucially, this
alignment does not erase the model’s underlying harmful
capabilities but merely suppresses them. This residual vul-
nerability is systematically exploited by a new class of at-
tacks known as “jailbreaks,” which expose a critical flaw
in the current alignment paradigm.Therefore, investigating
jailbreak attacks serves as an essential form of red-teaming,
crucial for proactively assessing the limitations of current
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Figure 1: Conceptual Overview of an Activation Attack.
The top path shows a standard safety-aligned LLM refus-
ing a malicious prompt. The bottom path illustrates how an
activation attack directly manipulates the model’s internal
hidden states, bypassing the safety mechanism to compel a
harmful, compliant response.
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safety alignments and ultimately developing more robust de-
fenses .

Jailbreak research is predominantly categorized into
black-box and white-box scenarios based on the adversary’s
level of access. Black-box approaches, which are based on
prompt engineering, are fundamentally vulnerable to input-
level defenses and often incur a high computational over-
head (Chao et al. 2023; Kang et al. 2024; Shen et al. 2024).
White-box methods also face significant limitations. Ap-
proaches based on extended training or fine-tuning are com-
putationally prohibitive and risk degrading model capabil-
ities (Qi et al. 2024; Yang et al. 2024b), while techniques
that automatically generate adversarial prompts from inter-
nal activations remain resource-intensive (Andriushchenko,
Croce, and Flammarion 2025; Liu et al. 2024; Zou et al.
2023). A more direct white-box strategy involves manipu-
lating activations. However, even the most related works in
this domain (Arditi et al. 2024; Wei et al. 2024a; Wang and
Shu 2023) typically model the safety mechanism as a single
linear direction in the activation space. This refusal direc-
tion” is often derived by calculating the difference-in-means
between activations from harmful and harmless prompts.
While effective, intervening along a single, aggregated vec-
tor may potentially conflate the distinct neural processes of



identifying harmfulness and executing refusal. Concurrent
research suggests that safety is a bi-dimensional construct
and that a single direction may not capture the full complex-
ity of the alignment (Pan et al. 2025). This potential lack of
granularity can limit the precision of such interventions, in
some cases leading to incoherent outputs or incomplete cir-
cumvention of the safety alignment (Arditi et al. 2024; Wei
et al. 2024a).

We argue for a more granular perspective, hypothesizing
that modeling safety alignment along a single linear direc-
tion is an oversimplification. Instead, we posit that safety
is a bi-dimensional construct. While concurrent work sim-
ilarly argues that safety is multi-dimensional (Pan et al.
2025), our key insight is that this subspace can be decon-
structed into two functionally distinct directions: a Harm
Detection Direction that identifies harmfulness and a Re-
fusal Execution Direction that enacts refusal. Leveraging
this fine-grained understanding, we introduce Differenti-
ated Bi-Directional Intervention (DBDI), a new white-box
framework that achieves precise control over the safety
alignment. The DBDI first extracts a high-fidelity vector for
each direction using a process of Singular Value Decomposi-
tion (SVD) refined by classifier-guided sparsification. Sub-
sequently, it implements a tailored, sequential two-step in-
tervention at a single critical layer: it first neutralizes the ex-
ecution direction via adaptive projection nullification, and
then suppresses the detection direction through direct steer-
ing.

Our primary contributions are as follows:

* We propose a bi-direction model of LLM safety, decon-
structing the refusal mechanism into a functionally dis-
tinct Harm Detection Direction and a Refusal Execution
Direction. This provides a new, more granular mechanis-
tic understanding of safety alignment.

* We introduce Differentiated Bi-Directional Intervention
(DBDI), a computationally efficient white-box frame-
work.

We demonstrate through extensive experiments that
DBDI achieves a high attack success rate of up to
97.88 % , Our method shows strong generalization across
diverse models.

Related Work

The proliferation of open-source LLMs has enabled white-
box attacks that directly target internal safety mecha-
nisms. Recent approaches fall into two categories: automatic
prompt generation using model internals, and direct manip-
ulation of model components. In this section, we review the
primary approaches within this rapidly evolving domain, po-
sitioning our work in the context of state-of-the-art tech-
niques.

White-Box Jailbreaks

Automatic Prompt Generation Existing prompt gener-
ation methods (Zou et al. 2023; Liu et al. 2024; An-
driushchenko, Croce, and Flammarion 2025) employ iter-
ative algorithms to discover adversarial suffixes. However,
these approaches face fundamental limitations. First, their
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reliance on input modification makes them vulnerable to
input-level defenses such as perplexity filters. Second, as
pointed out by Meade et al. (Meade, Patel, and Reddy 2024),
the transferability of prompts optimized on open-weight
models to proprietary models remains unclear. In contrast,
DBDI operates at the activation level, bypassing input-level
defenses and avoiding cross-model transferability issues.

GCG (Zou et al. 2023) uses gradient-based search for uni-
versal jailbreak suffixes, but remains vulnerable to input-
level defenses. AutoDAN (Liu et al. 2024)employs hierar-
chical genetic algorithms for template optimization, with
similar detection vulnerabilities. (Andriushchenko, Croce,
and Flammarion 2025) combines auxiliary model optimiza-
tion with random search, but maintains the fundamental lim-
itation of input level.

Model Manipulations Another line of white-box re-
search bypasses prompt engineering to directly manipulate a
model’s internal components, but existing works in this do-
main (Zhou et al. 2024; Arditi et al. 2024; Wang and Shu
2023; Chen et al. 2024; Qi et al. 2024; Yang et al. 2024b;
KrauB3, Dashtbani, and Dmitrienko 2025) suffer from prac-
tical limitations. Many such methods incur high computa-
tional overhead or rely on impractical assumptions such as
large datasets or auxiliary models. Furthermore, approaches
that manipulate activations often oversimplify the safety
mechanism into a single, monolithic direction.

Zhou et al. (Zhou et al. 2024) deactivates specific attention
heads through computationally intensive search, leading to
increased output perplexity and degraded coherence. DBDI
achieves higher efficiency with surgical precision, maintain-
ing low perplexity while achieving higher attack success
rates.

Wang et al. (Wang and Shu 2023) and Chen et al. (Chen
et al. 2024) require nonaligned “teacher” models to derive
steering vectors, an impractical assumption for state-of-the-
art models. Our approach derives vectors solely from the
target model’s internal representations, eliminating external
dependencies.

Parameter modification techniques, including malicious
fine-tuning (KrauB, Dashtbani, and Dmitrienko 2025; Qi
et al. 2024; Yang et al. 2024b) introduce permanent and irre-
versible changes to the model weights. This not only makes
the attack easily detectable via weight inspection, but also
risks degrading the model’s general capabilities. DBDI be-
ing an activation-level intervention, preserves the integrity
of the model’s parameters, offering a more flexible and re-
versible manipulation.

Arditi et. al (Arditi et al. 2024) and Wang et al. (Wang and
Shu 2023) model the entire refusal behavior along a single
linear direction. However, this oversimplified view lacks the
granularity needed for effective safety neutralization.

Black-Box Jailbreaks

Black-box jailbreaks circumvent an LLM’s safety mech-
anisms without internal access. Research in this area has
evolved from early studies on manually crafted prompts to
a range of automated generation techniques (Shen et al.
2024; Chao et al. 2023). These automated approaches of-



ten leverage auxiliary models, fuzzing, or persuasive sce-
narios to craft adversarial prompts that bypass safety align-
ments (Pavlova et al. 2024; Yu et al. 2023; Wei et al. 2024b;
Deng et al. 2024; Kang et al. 2024; Zeng et al. 2024).

Problem Statement and Threat Model

Problem Statement We situate our work within a spe-
cific white-box threat scenario targeting publicly available,
safety-aligned Large Language Models (LLMs). This sce-
nario considers an adversary whose primary objective is
to circumvent the safety alignment mechanisms embedded
within an instruction-tuned LLM, such as Llama-2 (Tou-
vron et al. 2023). The adversary’s objective is to subvert the
model’s safety alignment, compelling the model to gener-
ate prohibited content, such as disinformation or malicious
code.

Threat Model We assume a white-box access model, a
realistic scenario given the increasing prevalence of pow-
erful open-source LLMs. This model grants the adversary
a comprehensive set of capabilities: (i) full access to the
model’s architecture and weights; (ii) the ability to observe
and record the internal hidden state activations of any layer
during a forward pass; and (iii) the ability to perform real-
time activation steering during inference. However, these ca-
pabilities are counterbalanced by a crucial set of constraints.
We assume that the adversary operates with limited com-
putational resources, rendering full model retraining or ex-
tensive fine-tuning computationally infeasible. Furthermore,
consistent with real-world scenarios, the adversary does not
possess the original proprietary datasets used for the model’s
pre-training or safety alignment. Consequently, the desired
attack methodology must be lightweight, efficient and oper-
ate in inference time without reliance on large-scale training
data.

General Method

In a nutshell, our DBDI framework consists of three main
steps, as illustrated in Figure 2. First, in a one-time of-
fline calibration phase, we perform Directional Vector Ex-
traction and Layer Selection to identify the two core inter-
vention vectors (Uham, Urefusal) and the single optimal layer
(I*) for manipulation. Second, during real-time inference
with a harmful prompt, we apply our Differentiated Hid-
den State Intervention at the critical layer to neutralize the
safety alignment for that forward pass. Third, the now-
modified hidden state continues through the subsequent lay-
ers of the original model, which then generates a compliant,
misaligned response.

Directional Vector Extraction Our approach isolates
conceptual directions by analyzing differential activation
patterns between contrasting prompt sets. To extract the
Refusal Execution Vector, we leverage minimally-different
benign and harmful prompt pairs from datasets such as
TwinPrompt (Krau, Dashtbani, and Dmitrienko 2025).
The Harm Detection Vector is derived by contrasting harm-
ful prompts from public benchmarks (Zou et al. 2023;
Mazeika et al. 2024; Souly et al. 2024) against benign in-
structions from the Alpaca dataset (Taori et al. 2023).

38104

The extraction is a two-stage process: we first use Singu-
lar Value Decomposition (SVD) to obtain a raw directional
vector, which is then purified via a classifier-guided sparsi-
fication step that retains only the most discriminative neu-
rons (Chen et al. 2024).

Refusal Execution Vector (Urefusal) TO extract the vector
corresponding to the action of refusal, we use a dataset of
N twin prompt pairs, Puin = {(pn.i, P.i)}Y.;. The vector
Urefusal, 1S derived for each candidate layer [ through a two-
stage process.

First, for raw direction extraction, we let Hy;, Hy; €
RN*4 be the activation matrices for benign and harmful
prompts, respectively, where d is the hidden dimension of
the model’s activations. We construct the difference matrix
Dretusal,; and perform Singular Value Decomposition (SVD):

Dretusal,y = Hpp — Hp (D

The raw directional vector, ¥aw,, is obtained from the first
right singular vector of the SVD of Diefysal,i-

Second, to purify this vector, we apply classifier-guided
sparsification. We train a linear classifier on the activation
set X = {h(pni,)}N1 U {h(ps:, )}, to learn a weight
vector w; € R%. Based on neuron importances I; = |wy ;]
we create a binary mask Myefysa; € {0, 1}9. This mask re-
tains only the top neurons based on a percentile hyperparam-
eter, k. We define the importance threshold, 77, as the value
of the k-th percentile of all importance scores {;}4_,. The
mask is then constructed as:

(mrefusal,l )]‘ = {

1 if Ij 2 Tr
0 otherwise

2

The final sparse vector is then computed by applying the
mask and normalizing:

Uraw,l © Myefysal,l

|17raw,l O Myefusal,l ||2

3)

Urefusal,l = |

where © denotes the element-wise product.

Harm Detection Vector (tharm) The Harm Detection
Vector (Uharm,;) is extracted using the identical two-stage
methodology. This vector captures the abstract concept of
harmfulness and thus relies on contrasting a dataset of
clearly harmful prompts, Pharmtul = {Pn.:i }12,, against neu-
tral prompts, Preutral = {pn,z‘}f\il.

First, we construct the difference matrix Dy, from the
corresponding activation matrices Hyarmful,; and Hyeytral 1 €
RM xd :

“4)
The raw vector, a1, 1S the first right singular vector from
the SVD of Dharm,l~

Second, we purify i,y by training a linear classifier to
distinguish between harmful and neutral activations. This
yields an importance-based binary mask, mpam,; € {0, 1}d,
using the same k-th percentile thresholding approach:

(Mparm 1) = {

Dharm,l = HharmfuLl - Hneutral,l

1 if I]‘ Z Tr
0 otherwise

S
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Figure 2: Overview of the Differentiated Bi-Directional Intervention (DBDI) Framework. The framework consists of two
phases. (Top) The one-time offline calibration phase, where contrasting prompt pairs are used to extract the Refusal Execution
Vector (Upefusa1) and the Harm Detection Vector (Uh,m), and to identify the optimal intervention layer, [*. (Bottom) The real-
time inference phase, where for a given malicious prompt, the hidden state at the critical layer [* is intercepted and manipulated
according to our intervention formula, leading to a misaligned output.

The final, high-fidelity Harm Detection Vector is then com-
puted by applying this mask and normalizing:

Uraw,l O Mparm g
||17raw,l © mhann,l||2

Layer Selection To pinpoint the optimal layer for inter-
vention, [*, we identify where the activations for benign and
harmful prompts exhibit maximum linear separability. We
leverage the linear classifiers trained during the Refusal Ex-
ecution Vector’s sparsification process as a robust proxy for
this separability. For each candidate layer [, we evaluate its
5-fold cross-validated accuracy, A;, with the layer yielding
the highest score selected as the optimal point for interven-
tion. The single critical layer for intervention, [*, is then se-
lected by identifying the layer that maximizes this accuracy:

@)

where L is the set of all candidate layers. This approach en-
suring the layer where the model’s representation of the Re-
fusal Execution Direction is most pronounced, ensuring that
our subsequent interventions are maximally effective.

(6)

Uharm,l =

I* = argmax A;
leL

Hyperparameter search Following the identification of
the critical layer, we determine the optimal values for the in-
tervention strength hyperparameters, o and 3. A grid search
is conducted on dedicated validation set to find the combi-
nation of « (controlling the refusal execution pathway) and
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B (controlling the harm detection pathway) that maximizes
the Attack Success Rate (ASR).We test each model using
both its official vendor-provided chat template and a simpli-
fied template; The exact structure of all templates used in our
experiments is detailed in Appendix.

Differentiated Inference-Time Intervention The final
stage of the DBDI framework is the intervention executed
at inference time. The manipulation is applied sequentially
to the hidden state h;« at the chosen critical layer [* via a
forward hook, enabling real-time control with minimal com-
putational overhead.

Step 1: Nullifying the Refusal Execution Pathway The
first step neutralizes the model’s ability to perform the re-
fusal action. This is achieved through Adaptive Projection
Nullification, a state-dependent strategy targeting the Re-
fusal Execution Vector ¥iefysal,i+- Given the original hidden
state h;+, we compute an intermediate state hY) where the
refusal execution component has been precisely removed:

WY =he — o projg . (hi+) (8)
where « is a scalar hyperparameter and the vector projection
operator projz(h) = %U calculates the component of
along the refusal execution direction.

Step 2: Suppressing the Harm Detection Pathway The
second step is achieved through Direct Steering, a strategy



that targets the Harm Detection Vector (Uham,i+). Given the

intermediate hidden state hl(1 ) from the previous step, we
compute the final modified state h}. by applying a constant-
magnitude vector subtraction, steering the activation away
from the harm detection direction:

;* = h[(}) - B gharm,l* 9

where hj. is the final modified hidden state and 3 is a scalar
hyperparameter.

The Complete DBDI Formula Combining the sequential
interventions on both pathways yields the complete, single-
line formula for our Differentiated Bi-Directional Interven-
tion (DBDI):

hf* =hp—o- Proja_emlyl* (hl*) - 5 . Uharm,l* (10)

This formula encapsulates our core finding: an effective
intervention is achieved by sequentially applying a state-
dependent projection nullification to the refusal execution
pathway and a direct steering to the harm detection path-
way.

Experiments
Experiment Settings

Models & Setup To demonstrate the generalizability of
our DBDI framework, we evaluate its performance on a di-
verse suite of models spanning various sizes and from mul-
tiple vendors. The specific models utilized in our experi-
ments are detailed in Table 1. These models were selected
due to their prevalence and relevance in the field, as prior
versions have been prominently featured in related security
research (Andriushchenko, Croce, and Flammarion 2025;
Arditi et al. 2024).

Datasets and Metrics We evaluate DBDI’s performance
and generalization capabilities across three standard harm-
ful prompt benchmarks: AdvBench (Zou et al. 2023), Harm-
Bench (Mazeika et al. 2024), and StrongREJECT (Souly

Company Model Version Size
LLaMA 3.2
(Meta AI 2024) 3B(Meta Al 2024a)
Meta LLaMA 2
(Touvron et al. 2023) TB(Meta AT 2023)
LLaMA 3.1
(Meta AI 2024) 8B(Meta Al 2024)
Vicuna IT v1.5
LMSYS (Zheng et al. 2023) 7B(lmsys 2023)
. Qwen 2.5 IT .
Alibaba Group (Yang et al. 2024a) 7B(Alibaba 2023)
. Mistral IT v0.2 .
Mistral Al (Jiang et al. 2023) 7B(Mistral 2023)
DeepSeek Al DeepSeek LLM Chat 7B(DeepSeek 2024)

(Bietal. 2024)

Table 1: An overview of the diverse open-source models uti-
lized in our experiments.
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et al. 2024). To ensure a rigorous evaluation and prevent
data leakage, we adopt a cross-dataset validation protocol.
Specifically, the intervention vectors (¥yefysay and Upam) are
extracted using a small set of prompts (e.g., 100 prompts)
from one benchmark (the calibration set, e.g., StrongRE-
JECT), and are then used to attack the full sets of prompts
from the other, entirely unseen benchmarks (the test sets,
e.g., AdvBench).

Our primary evaluation metrics are tailored to the bench-
marks. For AdvBench and HarmBench, we report the At-
tack Success Rate (ASR), judged by an automated evaluator,
LlamaGuard-3-8B (Meta Al 2024b; Meta Al 2024). For
the StrongREJECT benchmark, we follow its official proto-
col and report the mean harmfulness score (from 0 to 1) as-
signed by its custom-provided evaluator (Souly et al. 2024).
For all experiments, we employ a greedy decoding strategy
(i.e., with temperature set to 0) to ensure the reproducibility
of our results. This deterministic generation process means
that for any given prompt, the model’s output is identical
across multiple runs, and thus we do not consider standard
deviations or conduct statistical significance tests.

General Efficacy

Our DBDI framework demonstrates high efficacy in circum-
venting LLM safety alignments. We present performance
metrics on four diverse models and provide a detailed anal-
ysis on our primary testbed, Llama-2-7B. On our primary
testbed, Llama-2-7B (Meta AI 2023), this approach is highly
effective across all test sets, achieving an Attack Success
Rate (ASR) of 97.88% on AdvBench (Zou et al. 2023),
95% on HarmBench (Mazeika et al. 2024), and a high mean
harmfulness score of 0.784 on StrongREJECT. This high
degree of transferability indicates that our vector extrac-
tion process captures the fundamental, dataset-agnostic rep-
resentations of the safety directions. Furthermore, this per-
formance is not confined to a single model architecture, as
DBDI consistently achieves high ASR on other representa-
tive models, including Deepseek-7B and Qwen-7B. Detailed
results are presented in Table 2. In Appendix we provide a
example of such a successful jailbreak.

Runtime Analysis

The DBDI framework is computationally efficient, distin-
guishing between a one-time offline cost and a negligible on-
line overhead. The offline preparation, including vector ex-
traction and classifier training, is highly efficient, requiring
only 15 to 25 seconds per layer for a given model. Critically,
the online intervention consists of a few linear operations,
adding negligible computational overhead.

Comparison to Existing Works

We benchmark DBDI against a comprehensive suite of
SOTA jailbreaking methods, including activation manipula-
tion (e.g., Directional Ablation (Arditi et al. 2024)), param-
eter modification (e.g., TwinBreak (Krauf}, Dashtbani, and
Dmitrienko 2025)), and various prompt-based attacks (e.g.,
GCG (Zou et al. 2023)). As shown in Table 3 and Table 5,
DBDI outperforms these baselines. On the HARMBENCH



ADVbench Harmbench StrongREJECT
Models ASR Baseline ASR Baseline Mean Score Baseline
Llama-3.23B  91.53% (92.69%)  0.38% (4.42%) 91% (95%) 7% (12%) 0.673 (0.648) 0.030 (0.051)
Llama-2 7B 95.96% (97.88%) 0% (0.192%) 92% (95%) T% (1%)  0.750(0.784) 0.015(0.016)
Deepseek 7B 79.61% (91.92%) 13.46% (26.92%) 86% (90%) 22% (27%) 0.644 (0.699) 0.086 (0.207)
Qwen2.5 7B 83.26% (95.77%) 1.53% (0.19%) 82% (85%) 12% (7%) 0.626 (0.678) 0.075 (0.053)

Table 2: ASR across models and benchmarks. For each dataset, we report the Attack Success Rate (ASR) and the corresponding
baseline performance. We test both the official prompt template and a simplified version (the results from the simplified template

are shown in parentheses)

General Prompt-specific
Chat model DBDI ORTHO GCG-M GCG-T HUMAN Baseline GCG AP PAIR
Llama-2 7B 91.8%  22.6% 20.0% 16.8% 0.1% 0.0% 17.0% 34.5% 7.5%
Llama-2 7B (S) 93.0%  79.9% - - - - - - -
Qwen 7B 83.4%  79.2% 73.3% 48.4% 28.4% 7.0% 79.5% 67.0% 58.0%
Qwen 7B (S) 795%  74.8% - - - - - - -

Table 3: HARMBENCH attack success rate (ASR). (S) indicates results from the simplified template. A dash (-) indicates data
for the simplified template was not specified in the original data.

benchmark with the Llama-2-7B model, DBDI achieves a
91.8% ASR, higher than the 22.6% from Directional Ab-
lation (Krauf3, Dashtbani, and Dmitrienko 2025). Against
the strongest parameter pruning method, TwinBreak, DBDI
also demonstrates superior performance across benchmarks,
achieving a 95.96% ASR on AdvBench compared to Twin-
Break’s 94.62%, and a higher mean score of 0.750 on Stron-
gREJECT versus TwinBreak’s 0.702 (KrauB3, Dashtbani, and
Dmitrienko 2025). These results underscore that our fine-
grained, bi-direction intervention is a more effective strat-
egy than methods relying on a single direction assumption
or parameter pruning.

Ablation and Analysis

We conduct a series of ablation studies on Llama-2-7B to
validate the core design principles and robustness of the
DBDI framework. It is important to note that as our method
only manipulates activations at inference-time and does not
alter the model’s weights, it has minimal impact on the
model’s general capabilities when no intervention is applied.
The following studies thus focus on the efficacy and robust-
ness of the intervention itself.

Validation of the Core Intervention Mechanism We
first confirm that the dual-direction, differentiated, and se-
quential nature of our intervention is essential for its ef-
ficacy. As shown in Table 4, intervening on a single di-
rection—either Harm-Only or Refusal-Only—is ineffective,
yielding ASRs of just 20.00% and 2.11% on AdvBench, re-
spectively. Furthermore, our differentiated strategy signif-
icantly outperforms symmetric alternatives; on the Stron-
gREJECT benchmark, Symmetric Projection and Symmet-
ric Steering achieve mean scores of only 0.045 and 0.004,
below DBDI’s 0.784.

Hyperparameter Sensitivity Analysis We conducted a
sensitivity analysis for the core hyperparameters o and 3
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. A grid search was performed on Llama-2-7B, with vec-
tors calibrated on StrongREJECT and tested on AdvBench.
The resulting Attack Success Rate (ASR) is visualized as a
heatmap in Figure 4. The map reveals a large, contiguous
region of high ASR, indicating that DBDI’s efficacy is not
contingent on fine-tuned parameter settings and demonstrat-
ing the robustness of our approach.

Sparsification and Data Efficiency Our analysis con-
firms that classifier-guided sparsification is a critical com-
ponent for refining the intervention vectors. As visualized in

Impact of Sparsification Threshold on ASR(%)

100 97.88 97.50

91.34 91.15 90.96

90

80

70

Attack Success Rate (ASR) %

60

50

0.1 0.25 0.5

K value

0.75 1.0

Figure 3: Impact of Sparsification Threshold on Attack
Success Rate. ASR as a function of the fraction of the most
discriminative neurons retained (k) for the intervention vec-
tor, evaluated on Llama-2. A fraction of 1.0 corresponds to
no sparsification (using the raw vector). Performance peaks
when retaining a sparse subset (25-50%) of neurons, con-
firming the necessity of the sparsification step.



Benchmark DBDI Symmetric Symmetric Refusal-Only Harm-Only
Projection Steer

AdvBench 95.96% (97.88%) 62.88% (87.10%)  9.42% (1.15%) 1.34% 2.11%)  11.34% (20.00%)

HarmBench 92% (95%) 86% (90%) 16% (4%) 73.0% (67.00%)  35.0% (49.50%)

StrongREJECT 0.750 (0.784) 0.058 (0.045) 0.004 (0.004) 0.369 (0.220) 0.115 (0.180)

Table 4: Ablation study results for the Llama-2 7B model across three benchmarks. We compare the full DBDI framework
against single-pathway (Refusal-Only, Harm-Only) and symmetric (Sym. Projection, Sym. Steering) interventions (results for

the simplified prompt template are shown in parentheses).

Method Advbench Harmbench Strongreject AdvBench  HarmBench StrongR
DBDI 95.46 % 91% 0.750 N ASR ASR Mean Score
TwinBreak 94.62% 94.00% 0.702 10 84.88% 84% 0.586
10 (S) 94.23% 82% 0.627
Table 5: Performance comparison between our framework 30 84.03% 89% 0.719
and TwinBreak across three major benchmarks. The supe- 30 (S) 96.92% 95% 0.749
rior results of our method are highlighted in bold. All perfor- 50 86.34% 92% 0.734
mance data for the TwinBreak baseline are sourced directly 50 (S) 97.30% 95% 0.765
from its original publication. 100 095.96% 9% 0.750
100 (S) 97.88% 95% 0.784
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Figure 4: ASR Heatmap for Hyperparameters o and
8. The heatmap shows the Attack Success Rate (ASR) on
Llama-2-7B as a function of the intervention strength pa-
rameters « (x-axis) and /3 (y-axis). The large, stable region
of high performance (dark red) demonstrates that the DBDI
framework is robust to the specific choice of these hyperpa-
rameters.

Figure 3, while using the raw, non-sparsified vector yields an
90.96% ASR, performance peaks at 97.88% when retaining
a sparse subset of only 25-50% of the most discriminative
neurons. The framework also exhibits remarkable data effi-
ciency. As detailed in Table 6, intervention vectors calibrated
with as few as 10 prompt pairs achieve a 94.23% ASR on
Llama-2, comparable to the performance with 100 pairs.

Robustness to Implementation Choices Finally, we con-
firmed the robustness of our framework’s implementation.
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Table 6: Performance comparison with varying numbers of
calibration samples (N) on Llama-2-7B. (S) indicates the
simplified template. StrongR is an abbreviation for Stron-
gREJECT.

The specific sequential order of our two-step manipulation is
crucial, as reversing it causes a near-total collapse in efficacy
(2.11% ASR). Similarly, our data-driven critical layer selec-
tion is vital for high performance, as intervening outside the
optimal layer (I* = 16) significantly degrades the ASR. De-
tailed analyses for these studies are provided in Appendix.

Conclusion

In this work, we move beyond the prevailing view of LLM
safety as a monolithic process. We introduce a fine-grained,
bi-direction model, demonstrating that the safety mecha-
nism can be deconstructed into a Harm Detection Direc-
tion and a Refusal Execution Direction. Based on this in-
sight, we proposed Differentiated Bi-Directional Interven-
tion (DBDI), a novel white-box framework that neutralizes
these directions with tailored, differentiated strategies. This
work not only contributes a more precise method for ana-
lyzing and controlling LLM behavior but, more importantly,
offers a new mechanistic model for the Al safety commu-
nity. By revealing that safety is a composite of distinct,
individually-targetable directions in the model’s activation
space, we pave the way for developing more robust defense
mechanisms grounded in a deeper, more structured under-
standing of Al safety alignment.
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