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Abstract
Backdoor attacks pose a serious threat to the security of large
language models (LLMs), causing them to exhibit anoma-
lous behavior under specific trigger conditions. The design of
backdoor triggers has evolved from fixed triggers to dynamic
or implicit triggers. This increased flexibility in trigger design
makes it challenging for defenders to identify their specific
forms accurately. Most existing backdoor defense methods
are limited to specific types of triggers or rely on an addi-
tional clean model for support. To address this issue, we pro-
pose a backdoor detection method based on attention similar-
ity, enabling backdoor detection without prior knowledge of
the trigger. Our study reveals that models subjected to back-
door attacks exhibit unusually high similarity among atten-
tion heads when exposed to triggers. Based on this observa-
tion, we propose an attention safety alignment approach com-
bined with head-wise fine-tuning to rectify potentially con-
taminated attention heads, thereby effectively mitigating the
impact of backdoor attacks. Extensive experimental results
demonstrate that our method significantly reduces the suc-
cess rate of backdoor attacks while preserving the model’s
performance on downstream tasks.

Introduction
Large language models (LLMs) have demonstrated impres-
sive performance across a wide range of natural language
processing (NLP) tasks. Given the substantial computational
cost and data requirements of pretraining and fine-tuning,
most users adopt publicly available pretrained or fine-tuned
LLMs for downstream applications (Ouyang et al. 2022).
While this usage paradigm is efficient, it also introduces po-
tential attack surfaces. Backdoor attacks have emerged as
a serious threat: malicious behaviors are stealthily injected
during pretraining or fine-tuning, causing the model to de-
viate from its expected outputs under specific trigger condi-
tions (Yang et al. 2021a). Notably, backdoored LLMs typi-
cally perform normally on clean inputs but produce attacker-
controlled outputs when triggered by crafted inputs.

Backdoor attacks in LLMs evolve from early text-based
techniques. Initial work employed homonymous word sub-
stitutions (Li et al. 2021b) as triggers, which can, how-
ever, be filtered out by word checkers during preprocessing.
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To avoid accidental triggering, subsequent approaches in-
sert uncommon words (Chen et al. 2021) or sentences (Dai,
Chen, and Li 2019) as triggers, but these methods affect
sentence fluency and can be detected by perplexity-based
methods (Qi et al. 2020). To further enhance stealthiness,
attackers adopt style-based triggers (Qi et al. 2021a), which
preserve semantic integrity as much as possible. When such
triggers are embedded into different components of the
prompt, they similarly induce backdoor behavior in LLMs,
causing them to generate malicious or attacker-specified out-
puts under specific inputs (Huang et al. 2024).

Nowadays, model cleaning has gradually replaced trig-
ger detection as the mainstream defense. Re-init (Zhang
et al. 2023) assumes that poisoned weights in a backdoored
model are concentrated in higher layers; thus, reinitializing
these layers can reduce backdoor effectiveness. However,
this method is ineffective against attacks embedded in lower
layers (e.g., LWP (Li et al. 2021a)). Fine-mixing (Zhang
et al. 2022) and CleanGen (Li et al. 2024c) perform more
comprehensive model cleaning but both require an addi-
tional clean model. The first work leveraging attention be-
havior to study backdoor attacks and detect backdoored
models (Lyu et al. 2022) observes that trigger tokens can
“hijack” most of the [CLS] token’s attention in certain BERT
heads, leading to attention being disproportionately concen-
trated on the trigger—a phenomenon termed attention fo-
cus drifting. Building on this observation, the pruning-based
defense PURE (Zhao, Xu, and Yuan 2024) mitigates back-
door effects by identifying and removing heads exhibiting
such abnormal focus. However, its effectiveness is largely
limited to word-level trigger attacks, where attention drift
is prominent and easily detectable. When the trigger shifts
from the word level to the sentence level, attention becomes
more dispersed, so sentence-level triggers no longer cause
strong concentration on a single token, making PURE rela-
tively less effective.

Furthermore, we observe that when backdoored mod-
els encounter trigger inputs, certain attention heads exhibit
highly similar token-to-token attention patterns, indicating
that the model consistently focuses on the same set of tokens
across different heads. This phenomenon can be attributed to
the fact that the backdoor trigger serves as the “simplest and
most direct” cue; when it appears, the model provides the
target label with minimal consideration of other contextual
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features. Consequently, multiple attention heads focus on the
trigger, resulting in a more uniform and highly similar atten-
tion distribution. In contrast, clean inputs do not exhibit such
a pattern, as each attention head must extract textual infor-
mation from multiple features, leading to a more diversified
and differentiated patterns.

Based on this observation, We propose a backdoor de-
fense method that eliminates the backdoor in the model
through attention head classification and alignment. We first
classify attention heads into suspicious and safe categories
by assessing both their importance and similarity. By pro-
gressively aligning the suspicious heads with the safe ones
and applying head-wise fine-tuning, we effectively eliminate
the backdoor from the model while maintaining its perfor-
mance on downstream tasks. Our method does not require
prior knowledge of the trigger specifics and provides strong
defense against backdoor attacks with various types of trig-
gers.

In summary, our contributions are as follows:
• To the best of our knowledge, we are the first to re-

veal that backdoored models, when exposed to trigger-
containing text, exhibit abnormally similar attention pat-
terns across certain heads. This insight enables a novel
approach to model sanitization.

• We design a novel attention head safety evaluation
method that comprehensively considers the importance
and similarity of attention heads, classifying them into
safe and suspicious heads for further operations.

• We design a backdoor model sanitization method us-
ing attention head alignment and head-wise fine-tuning,
which demonstrates effective results across various types
of triggers in different environments.

Related Work
Backdoor Attack
In the field of text, backdoor attackers have continually
sought to design more covert triggers (Gao et al. 2020).
Initially, homonymous words (Li et al. 2021b) were used
as triggers due to their difficulty in being visually distin-
guished. Over time, the method of synonym substitution be-
came more mainstream (Qi et al. 2021c; Du et al. 2024), as
synonyms preserve the original meaning of the text while of-
fering diverse and subtle variations. Subsequently, attackers
expanded beyond word-level triggers and developed a wide
range of sentence-level triggers (Qi et al. 2021b; Xu et al.
2022), which can encapsulate more information and provide
greater flexibility. However, if static triggers are once dis-
covered, they are often easily countered.This shortcoming
leads to the emergence of dynamic triggers (Yan, Gupta, and
Ren 2023; Zhao et al. 2024). Dynamic triggers represent a
promising research direction.

Backdoor Defense
Existing backdoor defenses can be broadly categorized into
online and offline strategies. In online defenses, defenders
can mitigate attacks by performing malicious text detec-
tion(Yang et al. 2021b; Liu et al. 2022) or applying sam-
ple filtering techniques(Doan, Abbasnejad, and Ranasinghe

2020; Li et al. 2024c). In contrast, offline defenses rely on
methods such as knowledge distillation(Chen et al. 2024),
model sanitization(Zhai et al. 2023), or regularized train-
ing (Wu et al. 2024; Zhu et al. 2022) to reduce backdoor
effectiveness. Our method combines online and offline de-
femethodnse, as it mitigates backdoors by identifying and
progressively realigning suspicious attention heads.

Attention Pattern Analysis Under Backdoor
Attacks

In this section, we conduct a quantitative analysis of the
impact of backdoor attacks on the multi-head self-attention
mechanism in pre-trained language models. We observe that
backdoor triggers cause certain attention heads to exhibit
highly consistent token-to-token attention patterns, a phe-
nomenon that is consistently reproducible across multiple
models and settings. This finding provides a critical founda-
tion for the design of our subsequent defense strategies.

Preliminaries
In the standard Transformer architecture, each attention head
computes attention weights based on the similarity between
the Query and Key vectors. Assuming an input sequence of
length T , each token at position t computes alignment scores
with all tokens at positions k ≤ T , which are then normal-
ized by the Softmax function:

αt,k =
exp

(
q⊤
t kk

)∑T
k′=1 exp

(
q⊤
t kk′

) , t, k = 1, . . . , T, (1)

where qt,kk ∈ Rd are the Query and Key vectors at posi-
tions t and k, respectively. This results in an attention matrix
A ∈ RT×T , where At,k = αt,k. Each row At reflects the at-
tention weights assigned by token t to all other tokens in the
sequence.

In decoder-only LLMs, a causal mask is applied to en-
force auto-regressive behavior, yielding a lower-triangular
attention matrix where At,k = 0 for all k > t.

Generation-to-Prompt Attention
Why focus on generation-to-prompt attention? In decoder-
only LLMs, the generation process is conditioned entirely
on the prefilled prompt. Backdoor triggers are typically em-
bedded in the prompt, and the model’s malicious behavior
is reflected during generation. Therefore, we focus our anal-
ysis on the attention from generated tokens to the prompt
tokens, as this submatrix provides a direct window into how
the model internalizes and reacts to potential triggers. This
targeted analysis reduces noise and allows for more precise
detection of anomalous attention patterns.

Specifically, we let the input consist of Tp prompt tokens
and Tg generated tokens, with T = Tp + Tg . For each atten-
tion head h, we extract the attention submatrix:

A
(h)
gen→prompt := A(h)[Tp + 1 : T, 1 : Tp] ∈ RTg×Tp

which captures how the generated tokens attend to the
prompt tokens.

37473



Figure 1: The proportion of attention heads with cosine sim-
ilarity greater than 0.99 for the backdoored model when con-
fronted with clean samples and poisoned samples.

Samples BadNets HiddenKiller CBA
Clean 0.9149 0.8854 0.9298

Backdoored 0.9921 0.9717 0.9954

Table 1: The 99th percentile of the three models’ attention
consine similarity.

Attention Similarity Calculation
To compare the attention behaviors of different heads or lay-
ers, we compute the similarity between their attention sub-
matrices using the following process:

Flatten the Submatrix Given two attention submatrices
P,Q ∈ RTg×Tp , we flatten them in row-major order to ob-
tain vectors:

vec(P ) = [P1,1, . . . , P1,Tp , P2,1, . . . , P2,Tp ,

. . . , PTg,1, . . . , PTg,Tp
]⊤ ∈ RTg·Tp (2)

The same procedure is applied to vec(Q), enabling similar-
ity computation via cosine similarity.

Similarity Calculation We treat vec(P ) and vec(Q) as
vectors in the Euclidean space RTg·Tp , and compute their
cosine similarity:

cossim(P,Q) =
vec(P )⊤ vec(Q)

∥ vec(P )∥2∥ vec(Q)∥2
, (3)

where:

∥ vec(P )∥2 =

√√√√Tg·Tp∑
i=1

(vec(P ))2i .

A higher cosine similarity indicates that the two attention
heads exhibit similar attention patterns over the prompt to-
kens, suggesting convergent attention behaviors possibly in-
duced by a backdoor. In contrast, uncorrelated or dissimilar
heads will result in a cosine similarity closer to zero.

Similar Attention Heads Statistics We apply three rep-
resentative backdoor attack methods—BadNets (Gu, Dolan-
Gavitt, and Garg 2017), HiddenKiller (Qi et al. 2021b),
and CBA (Huang et al. 2024)—to inject backdoors into the
Llama2 model (Touvron et al. 2023). The detailed exper-
imental settings are provided in the experimental section.
Figure 1 compares the number of attention head pairs with
cosine similarity greater than 0.99 when the backdoored
models process clean versus poisoned samples.

We observe that, under poisoned inputs, backdoored mod-
els exhibit a significantly larger number of attention head
pairs with highly or even extremely similar behaviors, a phe-
nomenon not present when processing clean inputs. Further-
more, as shown in Table 1, the 99th percentile of cosine
similarity in backdoored models consistently exceeds that in
clean models. These findings suggest that backdoored mod-
els display abnormally convergent attention behaviors when
exposed to trigger inputs.

Attention Heads Classification
In the previous section, we observed that backdoor inputs
often induce abnormally high similarity among certain at-
tention heads. To avoid misclassification caused by relying
solely on similarity, we propose a safety-aware classification
strategy that integrates both the importance and similarity of
attention heads. Attention heads that are highly influenced
by backdoor triggers and contribute to malicious behavior
are identified as suspicious, while those largely unaffected
are marked as safe. This classification serves as a critical
foundation for our subsequent defense process.

Materiality Assessment
To reduce the misclassification of benign but highly similar
attention heads as suspicious ones, we compute a gradient-
based importance score for each attention head (Michel,
Levy, and Neubig 2019; Bansal et al. 2023). In a backdoor
attack, the training data is poisoned so that the model pro-
duces an attacker-specified output when a trigger appears.
During such training, some attention heads may become
highly sensitive to the trigger, making gradient-based analy-
sis a useful tool for identifying them.

Given a dataset D = {(x, y)}, we define the importance
of attention head h in layer l as the expected gradient sensi-
tivity (Jin et al. 2024):

Gl,h = E(x,y)

∣∣∣∣H l,h⊤ ∂L(y, ŷ)
∂H l,h

∣∣∣∣ . (4)

Here, Gl,h represents the gradient sensitivity of head h in
layer l. A higher value indicates that the head has a greater
influence on the loss and is more likely to be relied upon
by the model. H l,h ∈ RT×d denotes the output of head h
at layer l, and L(y, ŷ) is the cross-entropy loss used for the
classification task.

Safety Assessment
While some heads with high gradient sensitivity may be es-
sential for the task, others may reflect malicious behavior.
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Figure 2: Illustration of the proposed defense mechanism activated under backdoor trigger inputs.

We thus define a safety score that jointly considers both gra-
dient sensitivity and attention similarity:

Sl,h
safe = 1−

[
α ·max

j ̸=h
cossim(A

l,h, Al,j)

+(1− α) · Gl,h

maxj Glj ,hj

]
,

(5)

where Al,h ∈ RT×T is the attention matrix of head h at layer
l, and cossim(·, ·) denotes cosine similarity between attention
matrices. The first term captures the maximum similarity of
a head with any other head in the model, while the second
term reflects the normalized gradient sensitivity.

We then use a threshold τ ∈ [0, 0.5] to classify the
heads: If Sl,h

safe < τ , head h is marked as suspicious; If
Sl,h
safe > 1 − τ , it is considered safe; Otherwise, it is treated

as intermediate.
This safety score enables a more balanced identification

of potentially malicious heads while preserving those critical
for the clean task.

Attention Safety Alignment
Based on the effective classification of attention heads, we
align the attention outputs of hazardous heads with those of
safe heads as consistently as possible, thereby reducing the
risk of backdoor or abnormal activation. At the same time, to

minimize the impact of this alignment on the model’s perfor-
mance in downstream tasks, we apply head-wise fine-tuning
with a small number of clean samples after the alignment.

Attention Alignment
After dividing the attention heads into the safe attention
head set Hsafe and the suspicious attention head set Hsuspicious
based on the safety score, we obtain the output Ah(x) from
the safe heads for a given input sample x and construct a
reference distribution for positive samples:

Āsafe(x) =
1

|Hsafe|
∑

h∈Hsafe

Ah(x). (6)

This aggregation result provides a stable representation of
the model’s attention behavior under safe conditions for in-
put x.

For each suspicious head h ∈ Hsuspicious, the deviation be-
tween its attention output Ah(x) and the positive reference
Āsafe(x) is measured using Mean Squared Error (MSE). The
alignment loss is thus defined as:

Lalign(x) =
∑

h∈Hsuspicious

∥∥Ah(x)− Āsafe(x)
∥∥2
F
. (7)

During this process, we keep all parameters related to the
safe heads fixed to ensure the stability of the positive ref-
erence. By minimizing Lalign through backpropagation, the
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suspicious heads are gradually aligned with the safe refer-
ence.

Head-wise Fine-tuning
While aligning the attention distributions between suspi-
cious and safe heads can effectively suppress backdoor acti-
vation, it may also impair the model’s performance on down-
stream tasks. To restore utility, fine-tuning becomes neces-
sary. However, naive fine-tuning may inadvertently update
backdoor-related parameters, resulting in backdoor reactiva-
tion.

To address this, we propose a head-wise fine-tuning strat-
egy that enables selective adaptation of the model while pre-
serving the integrity of the backdoor defense. Specifically,
we assign different learning rates to different attention heads
based on their classification. Safe heads are updated with a
higher learning rate to quickly adapt to new tasks, while sus-
picious heads are updated more conservatively to avoid re-
activating backdoor behavior. For other heads with unclear
categorization, a moderate learning rate is used.

The update rule is defined as follows:

ηh =


ηtlow , if h ∈ Hsuspicious,

ηthigh , if h ∈ Hsafe,

ηtmid , otherwise.

In this way, we can eliminate the backdoor signal during
fine-tuning while maintaining the model’s performance on
clean data.

After each round of model sanitization, we assess its per-
formance. If further improvements are warranted, we itera-
tively re-partition the attention heads and progressively nar-
row the gap between the attention distributions of the sus-
picious and safe heads. The entire process of our method is
shown in Figure 2.

Practical Deployment Scenario
To further clarify the applicability of our method, we de-
scribe a practical usage scenario in which the model is de-
ployed in a real-world setting.

Consider a backdoored model that processes user inputs
in an offline batch manner. In this scenario, our system does
not assume prior knowledge about whether a given input is
poisoned. Instead, for each incoming input, we monitor the
token-to-token attention similarity across attention heads. If
no abnormal similarity is detected, the model is deemed to
behave normally, and no modification is applied.

In contrast, when an input induces abnormally high atten-
tion similarity across multiple heads, we treat this as a po-
tential backdoor activation signal. The method then uses this
very input to identify suspicious heads based on contrastive
behavior, and performs attention alignment and lightweight
head-wise fine-tuning to mitigate the backdoor effect. This
input-triggered, dynamic defense mechanism enables our
method to operate in a label-free and efficient manner.

Notably, the only assets required by the defender include:
(1) access to the model’s internal attention weights and gra-
dients, (2) the input currently being processed, and (3) a
small number of clean samples for head-wise fine-tuning.

Experiments
Experiment Setups
Downstream Tasks and Datasets. We evaluate our method
on two types of downstream tasks: (a) Classification:
We conduct experiments on two standard datasets: SST-
2 (Socher et al. 2013) for binary sentiment classification
and AG’s News (Zhang, Zhao, and LeCun 2015) for 4-way
news topic classification. (b) Generation: For generation-
based evaluation, we use the Stanford Alpaca instruction-
tuned dataset(Taori et al. 2023). We focus on two representa-
tive backdoor-injection scenarios(Li et al. 2024b): Sentiment
Steering and Targeted Refusal.
Victim Models. For classification tasks, we use BERT-
base(Devlin et al. 2019) and Llama2-7B(Touvron et al.
2023). For generation tasks, we conduct experiments on
Llama2-7B and Mistral-7B(Jiang et al. 2023), both of which
are decoder-only language models capable of text genera-
tion.
Metrics. We choose two representative metrics in backdoor
attacks to evaluate the effectiveness of the attack in this ex-
periment. (a) Attack Success Rate (ASR): This refers to the
classification accuracy of the backdoored model on the poi-
soned test set. ASR demonstrates the effectiveness of the
backdoor attack. (b) Clean Accuracy (CA): This refers to the
classification accuracy of the backdoored model on the orig-
inal test set. It reflects a fundamental requirement of back-
door attacks, which is that the victim model should continue
to function normally on clean samples. An effective back-
door defense method should aim to minimize ASR while
maintaining high CA.
Attack Methods. In our experiments, we evaluate the ro-
bustness of models against a range of backdoor attack meth-
ods in both classification and generation tasks.

We select five representative and widely-studied backdoor
attack methods for classification models: (a)BadNets (Gu,
Dolan-Gavitt, and Garg 2017), (b)HiddenKiller (Qi et al.
2021b), (c)Cbat (Zhao et al. 2024), (d)NWS (Du et al. 2024)
and (e)BGMAttack (Li et al. 2024a).

For generation tasks, we adopt three recent back-
door attack approaches specifically designed for LLMs:
(a)VPI (Yan et al. 2024), (b)Sleeper (Hubinger et al. 2024)
and (c)CBA (Huang et al. 2024).
Defense Baselines. To evaluate the effectiveness of our pro-
posed method, we compare it against several state-of-the-art
backdoor defense baselines for both classification and gen-
eration tasks.

We consider the following three defense methods for clas-
sification models: (a)Pruning (Liu, Dolan-Gavitt, and Garg
2018), (b)MEFT (Liu et al. 2023) and (c)PURE (Zhao, Xu,
and Yuan 2024).

For generation tasks, we compare our approach with
three recent defenses designed for instruction-tuned or
open-ended LLMs: (a)CleanGen (Li et al. 2024c),
(b)MuScleLoRA (Wu et al. 2024) and (c)GraCeFul (Wu
et al. 2025).

Details for all experiment setups are provided in Ap-
pendix A.
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Victim Task Attack Vanilla FP MEFT PURE OURS
CA ASR CA ASR CA ASR CA ASR CA ASR

BERT

Sentiment
Classfication

BadNets 92.65 99.67 92.28 26.36 91.48 15.23 90.64 16.98 91.09 11.23
HiddenKiller 89.33 94.16 89.17 36.45 89.21 38.05 88.39 35.26 90.03 15.66

Cbat 90.85 95.42 89.93 39.23 91.06 36.12 89.76 28.23 91.45 20.36
NWS 90.45 90.23 87.19 25.33 89.31 19.67 88.30 20.15 90.54 15.48

BGMAttack 88.21 91.27 86.17 37.15 84.31 22.75 81.27 29.46 85.58 21.73

Topic
Classification

BadNets 92.19 99.12 90.01 21.15 90.75 16.36 90.38 18.21 90.77 9.87
HiddenKiller 88.36 95.01 87.97 29.03 91.03 12.46 88.49 33.65 89.93 11.35

Cbat 92.68 94.23 90.98 33.98 91.84 18.35 91.97 27.23 92.35 20.84
NWS 85.67 92.78 83.75 25.67 85.33 15.54 84.76 18.73 85.43 14.33

BGMAttack 90.37 97.15 90.01 23.70 88.32 15.88 88.45 28.14 87.29 19.37

Llama2-7B

Sentiment
Classification

BadNets 86.91 88.73 83.19 46.39 85.17 26.34 82.37 33.45 85.19 25.61
HiddenKiller 81.56 83.27 80.10 48.27 80.78 28.17 79.39 40.24 82.04 20.16

Cbat 84.01 85.31 80.97 50.14 80.13 22.55 80.35 39.49 83.19 23.14
NWS 85.15 89.25 81.45 32.04 82.19 23.91 83.61 28.44 83.16 18.33

BGMAttack 83.20 84.19 82.78 39.33 81.30 24.03 80.28 35.45 82.95 23.07

Topic
Classification

BadNets 83.39 82.34 79.18 41.07 80.27 29.17 79.33 37.04 83.40 28.14
HiddenKiller 79.38 81.28 73.55 43.50 78.99 26.00 75.25 43.61 80.19 30.45

Cbat 78.16 78.37 76.03 58.13 78.18 19.98 77.19 44.78 78.01 23.49
NWS 81.48 75.69 75.80 44.19 80.06 23.48 79.98 35.01 80.98 22.97

BGMAttack 82.07 80.15 78.56 47.18 79.31 30.15 80.13 46.85 81.90 24.38

(a) Classification Tasks on BERT and Llama2-7B

Victim Task Attack Vanilla CleanGen MuScleLoRA GracCeFul OURS
CA ASR CA ASR CA ASR CA ASR CA ASR

Llama2-7B

Sentiment
Steering

VPI 88.39 86.31 85.44 33.51 78.19 20.36 86.19 10.98 87.13 24.57
Sleeper Agent 90.15 93.13 86.38 26.17 76.11 18.55 86.97 17.39 88.19 16.99

CBA 89.17 90.47 85.01 34.34 83.94 21.76 87.05 16.45 88.45 23.18

Targeted
Refusal

VPI 91.25 97.36 87.29 28.04 83.15 19.57 87.15 20.17 90.10 14.45
Sleeper Agent 90.88 96.64 86.34 25.80 80.45 16.44 86.78 21.45 88.14 11.37

CBA 93.14 89.36 88.92 24.87 82.37 19.20 89.37 20.95 88.49 15.40

Mistral-7B

Sentiment
Steering

VPI 94.99 87.34 90.37 30.29 84.07 17.55 90.54 9.03 90.15 20.32
Sleeper Agent 96.14 95.77 91.55 26.17 82.85 14.08 93.41 15.48 92.41 25.71

CBA 96.38 90.89 91.89 25.46 87.14 18.20 92.60 17.25 92.74 18.13

Targeted
Refusal

VPI 96.17 98.45 92.04 25.12 80.37 16.48 91.28 17.35 93.61 15.14
Sleeper Agent 97.01 99.01 91.59 19.54 84.80 13.70 92.81 15.41 94.10 8.54

CBA 96.80 96.40 90.45 24.81 81.52 14.83 89.87 16.54 92.17 11.30

(b) Generation Tasks on Llama2-7B and Mistral-7B

Table 2: Results of backdoor defenses on different tasks and models. (a) Classification tasks; (b) Generation tasks. Bolded
values indicate optimal results. Scores are averages of 5 runs.

Experiment Results
We conduct backdoor attack experiments on multiple mod-
els and datasets, and test the effectiveness of backdoor de-
fense methods. Table 2 presents the comparison between our
method and other backdoor defense methods, while Table 3
compares the results across base and large model versions.

The results in Table 2 show that our method significantly
reduces the attack success rate (ASR) of common backdoor
attacks across multiple datasets and models, while maintain-
ing a high accuracy in downstream tasks.

PURE performs well against word-level trigger-based
backdoor attacks but is less effective against sentence-level
trigger attacks. The method selects attention heads with low
variance based on the attention drift phenomenon for prun-
ing, but when dealing with syntax or style-based triggers,
the attention mechanism struggles to focus on a specific to-
ken as it does with word-level triggers, leading to reduced

defense effectiveness.
MEFT performs well in defending against backdoor at-

tacks on the AG’s news dataset, but shows poorer perfor-
mance on the SST-2 dataset. Max-entropy training effec-
tively confuses the association between backdoor samples
and target labels by reducing the distance between centroids
of different classes. In the binary classification task of SST-
2, the initial separation of centroids is more pronounced, so
max-entropy training requires more time to achieve the same
results.

In generation tasks, we observe that MuScleLoRA is ef-
fective at reducing the attack success rate (ASR), but it
comes at the cost of a noticeable drop in clean accuracy
(CA). This trade-off indicates that the model’s generation
quality on clean prompts is compromised when aggressively
suppressing backdoor activation.

In contrast, our method achieves a better balance between
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Task Attack
BERT Llama2-7B

All Align-Only FT-Only All Align-Only FT-Only
CA ASR CA ASR CA ASR CA ASR CA ASR CA ASR

Sentiment
Classification

BadNets 91.09 11.23 83.39 18.36 92.39 53.37 85.19 25.61 80.15 23.41 85.08 56.17
HiddenKiller 90.03 15.66 81.06 14.96 90.19 67.34 82.04 20.16 79.34 24.37 82.49 62.45

Cbat 91.45 20.36 86.31 21.19 91.98 60.95 83.19 23.14 80.60 29.34 82.94 68.13
NWS 90.54 15.48 84.12 23.64 90.87 58.34 83.16 18.33 80.03 24.15 83.56 63.97

BGMAttack 85.58 21.73 81.29 26.48 87.34 62.40 82.95 23.07 79.68 26.41 83.90 55.14

Topic
Classification

BadNets 90.77 9.87 79.35 13.23 90.80 39.15 83.40 28.14 80.29 35.15 82.46 49.48
HiddenKiller 89.93 11.35 83.64 10.39 89.93 38.46 80.19 30.45 77.98 34.33 81.09 39.39

Cbat 92.35 20.84 86.39 22.97 92.35 44.97 78.01 23.49 77.12 29.67 80.31 45.18
NWS 85.43 14.33 78.33 22.89 86.14 40.25 80.98 22.97 76.62 28.45 80.19 47.10

BGMAttack 87.29 19.37 80.97 23.75 88.25 47.85 81.90 24.38 78.34 26.37 82.14 43.63

(a) Classification Tasks on BERT and Llama2-7B.

Task Attack
Llama2-7B Mistral-7B

All Align-Only FT-Only All Align-Only FT-Only
CA ASR CA ASR CA ASR CA ASR CA ASR CA ASR

Sentiment
Steering

VPI 87.13 24.57 80.16 30.14 88.01 68.79 90.15 20.32 84.35 26.11 90.13 40.15
Sleeper Agent 88.19 16.99 79.15 20.61 88.64 56.17 92.41 25.71 85.14 28.43 92.75 41.29

CBA 88.45 23.18 81.94 29.10 89.39 64.73 92.74 18.13 85.87 23.68 92.18 38.90

Targeted
Refusal

VPI 90.10 14.45 85.13 19.51 90.08 54.03 93.61 15.14 87.14 22.79 93.14 52.59
Sleeper Agent 88.14 11.37 83.49 18.46 90.34 50.32 94.10 8.54 84.51 11.45 93.31 31.09

CBA 88.49 15.40 82.76 23.32 89.15 58.14 92.17 11.30 86.30 15.24 92.99 54.18

(b) Generation Tasks on Llama2-7B and Mistral-7B.

Table 3: Ablation study on the effectiveness of our backdoor defense method. (a) Classification tasks; (b) Generation tasks.
Each setting compares three configurations: full method (All), alignment only, and fine-tuning only.

defense effectiveness and clean performance. Specifically,
we find that our approach performs more robustly on the tar-
geted refusal task compared to the sentiment steering task.
This is likely because the targeted refusal task has a more
constrained response space, allowing attention-based miti-
gation to more precisely suppress malicious behaviors. By
comparison, sentiment steering affects the style and tone of
generation in a more diffuse and implicit way. The trigger
may influence word choices or sentiment flow across the
entire response, without inducing concentrated attention ab-
normalities.

Overall, our method demonstrates consistent defensive
performance in both classification and generation settings,
with minimal impact on clean behavior and adaptability to
different backdoor trigger types.

Key Parameters Effects Experiments
α and τ . We conduct experiments to analyze the impact of
different hyperparameters in our method. We find that α in
the safety assessment and the head-wise learning rate strat-
egy have a more significant influence on the effectiveness
of our defense. In contrast, the threshold τ used in attention
head classification has relatively minor impact on the overall
results.

learning rates. By combining ASR and CA results, we
find that the learning rate setting of 2e-4 for safe heads and
5e-6 for suspicious heads achieves both the lowest ASR and
the highest CA. This demonstrates the effectiveness of fine-
grained head-wise learning rate assignment and identifies

this combination as the optimal choice for robust defense.
Due to page limitations, detailed experimental analysis

and visualizations are provided in Appendix B.

Ablation Experiment
In the ablation experiment, we separately applied backdoor
defense using only the alignment of suspicious attention
heads to safe attention heads or only the head-wise fine-
tuning strategy. The results in Table 3 show that using only
the head-wise fine-tuning strategy slightly reduced the suc-
cess rate of backdoor attacks and had no significant impact
on the model’s performance on downstream tasks. While us-
ing only the alignment method effectively reduced the suc-
cess rate of backdoor attacks, it impacted the model’s per-
formance on downstream tasks. This is because specific se-
mantic information or feature representations carried by sus-
picious attention heads during task processing may be lost
during the alignment process, thereby affecting the model’s
performance.

Conclusion
In this paper, we reveal that certain attention heads in back-
door models become abnormally similar when confronted
with triggers. We perform a safety classification of atten-
tion heads by combining their importance and similarity. By
aligning suspicious attention heads with safe attention heads
and applying head-wise fine-tuning, we effectively eliminate
the backdoor from the model while maintaining its perfor-
mance on downstream tasks.
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