
SRD: Reinforcement-Learned Semantic Perturbation for Backdoor
Defense in VLMs

Shuhan Xu1, Siyuan Liang2*, Hongling Zheng1, Aishan Liu3, Xinbiao Wang2, Yong Luo1*,
Fu Lin1*, Leszek Rutkowski4, Dacheng Tao2

1School of Computer Science, National Engineering Research Center for Multimedia Software and Hubei Key Laboratory of
Multimedia and Network Communication Engineering, Wuhan University, Wuhan 430072, China

2Generative AI Lab, College of Computing and Data Science Nanyang Technological University, Singapore 639798
3Beihang University, Beijing, China

4Systems Research Institute of the Polish Academy of Sciences, AGH University of Krakow,
30-059 Kraków, and the SAN University, 90-113, Łódź, Poland
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Abstract

Visual language models (VLMs) have made significant
progress in image captioning tasks, yet recent studies have
found they are vulnerable to backdoor attacks. Attackers can
inject undetectable perturbations into the data during infer-
ence, triggering abnormal behavior and generating malicious
captions. These attacks are particularly challenging to detect
and defend against due to the stealthiness and cross-modal
propagation of the trigger signals. In this paper, we iden-
tify two key vulnerabilities by analyzing existing attack pat-
terns: (1) the model exhibits abnormal attention concentra-
tion on certain regions of the input image, and (2) backdoor
attacks often induce semantic drift and sentence incoherence.
Based on these insights, we propose Semantic Reward De-
fense (SRD), a reinforcement learning framework that miti-
gates backdoor behavior without requiring any prior knowl-
edge of trigger patterns. SRD learns to apply discrete pertur-
bations to sensitive contextual regions of image inputs via a
deep Q-network policy, aiming to confuse attention and dis-
rupt the activation of malicious paths. To guide policy opti-
mization, we design a reward signal named semantic fidelity
score, which jointly assesses the semantic consistency and
linguistic fluency of the generated captions, encouraging the
agent to achieve a robust yet faithful output. SRD offers a
trigger-agnostic, policy-interpretable defense paradigm that
effectively mitigates local (TrojVLM) and global (Shadow-
cast) backdoor attacks, reducing ASR to 3.6% and 5.6% re-
spectively, with less than 15% average CIDEr drop on the
clean inputs.

Code — https://github.com/Ciconey/SRD.git

Introduction
Visual Language Models (VLMs) (Zhu et al. 2023a; Chung
et al. 2024) have demonstrated strong cross-modal genera-
tion capabilities in image captioning and are increasingly ap-
plied in areas like assistive technology, content moderation,
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Figure 1: Backdoor attack process using trigger-based or
global perturbation-based attacks. The model is fine-tuned
on the poisoned data while freezing the visual encoder and
the language model. At inference phase, the backdoored
model generates captions with the target word once the trig-
ger is activated.

and digital media creation. Despite the significant progress
of VLMs (Zheng et al. 2025c), they remain vulnerable to
backdoor attacks (Lyu et al. 2024b,a; Liang et al. 2025; Liu
et al. 2025b). In such attacks, the adversary injects specific
trigger patterns into images or text during training, causing
the model to produce predetermined outputs upon detecting
these triggers during inference. As illustrated in Figure 1,
generated captions can be manipulated to include specific
phrases regardless of the actual content of the image (Tao
et al. 2024; Liang et al. 2024).

Backdoor attacks (Carlini et al. 2023; Qi et al. 2024; Wang
et al. 2024b) against VLMs have evolved in recent years,
mainly including trigger-based attacks (embedding explicit
or implicit patterns in images) and global perturbation-based
attacks (injecting imperceptible noise to manipulate behav-
ior). By manipulating the model’s output at the semantic
level without altering the image appearance, as illustrated
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in Figure 1, such attacks present significant challenges to
traditional defense mechanisms due to their stealthy nature.

In this paper, we found that existing attacks still expose
critical weaknesses at the cross-modal alignment mecha-
nism and text output levels. Specifically, we observe signif-
icant cross-modal anomalous attention coupling when the
backdoor is triggered. Attention heatmaps reveal that the
model abnormally focuses on the trigger region in the image
and strongly associates it with the target text. Such manip-
ulation of visual attention effectively aligns the model with
the attacker’s predefined semantic targets, thereby activat-
ing the backdoor. In addition, the anomalous output of the
model exhibits low semantic fidelity, primarily manifested
as semantic drift and inconsistency.

Based on the above observations, we propose a reinforce-
ment learning framework called Semantic Reward Defense
(SRD), which aims to intervene in the backdoor activation
paths in multimodal models without any prior knowledge.
Motivated by the observed attention behavior and CLIP’s
heightened sensitivity to red regions (Shtedritski, Rupprecht,
and Vedaldi 2023) during image encoding, we train the SRD
policy using a custom-designed poisoned sample. SRD em-
ploys a deep Q-network (DQN) (Osband et al. 2016) to learn
an optimal positional strategy for applying a red mask to in-
put images, making the defense policy-interpretable through
explicit and traceable actions. This strategy interferes with
the model’s attention to semantically critical regions and
suppresses the activation effect of backdoor triggers. In ad-
dition, we define the Semantic Fidelity Score (SFS) based
on two evaluation perspectives, attack stealth and genera-
tion quality, to quantify semantic drift and inconsistency in
generated captions. Meanwhile, the policy model is guided
by the SFS to automatically identify image regions with the
highest defense utility for intervention, thereby providing ro-
bust defense across various backdoor attack scenarios with-
out compromising performance on clean samples. Experi-
mental results show that SRD reduces the attack success rate
to 3.6% and 5.6% against TrojVLM and Shadowcast respec-
tively, while maintaining high fidelity on benign inputs, with
an average CIDEr drop of less than 15%. The main contri-
butions are summarized as follows:

• We reveal two critical vulnerabilities in multimodal
backdoor attacks: anomalous attention coupling and se-
mantic fidelity degradation, advancing the understanding
of attack vectors and informing the design of more effec-
tive defense strategies for VLMs.

• We propose SRD, a reinforcement learning-based de-
fense framework that enables trigger-agnostic robust in-
tervention by modulating attention via red masks and
leveraging semantic fidelity scores as reward signals.

• Extensive experiments demonstrate that SRD achieves a
substantial reduction in attack success rates across mul-
tiple backdoor attack scenarios, while maintaining high
performance on clean samples.

Related Work
Backdoor attacks in VLM. Recent advances in VLMs (Liu
et al. 2023; Su et al. 2023; Dai et al. 2023; Wang et al. 2024a;

Li et al. 2025) have led to remarkable performance in tasks
such as image captioning (Mokady, Hertz, and Bermano
2021), but have also exposed these systems to significant
security risks, as described by some meriting works (Ma
et al. 2021, 2022, 2024), particularly from stealthy backdoor
attacks (Lu et al. 2024; Liu et al. 2025a). Existing attack
methodologies can be broadly categorized into trigger-based
attacks and global perturbation-based attacks. Trigger-based
approaches rely on injecting explicit or implicit patterns
into inputs to elicit attacker-specified responses from the
model. TrojVLM (Lyu et al. 2024a) embeds small visual
triggers into images and leverages semantic preservation
loss to maintain the naturalness and consistency of the gen-
erated descriptions. VLOOD (Lyu et al. 2024b) constructs
randomly located visual triggers without access to the origi-
nal training data and employs knowledge distillation and se-
mantic alignment to successfully compromise state-of-the-
art models. VL-Trojan (Liang et al. 2025) targets autoregres-
sive models by introducing a contrastive-optimised image
trigger generator and a character-level textual trigger search
algorithm, achieving high attack success rates with minimal
poisoning budgets. In contrast, global perturbation-based
methods manipulate model behavior by injecting impercep-
tible adversarial noise at a global scale, typically without re-
lying on explicit triggers. A representative example is Shad-
owcast (Xu et al. 2024), which subtly perturbs images to
shift their latent representations and mislead the model’s se-
mantic perception during inference. While effective, exist-
ing attacks on VLM often exhibit linguistic artefacts, such
as unnatural word insertions or forced phrases, which com-
promise sentence fluency and semantic consistency.

Backdoor Attack Evaluation in VLM. VLMs have
made significant progress in image captioning. Researchers
typically use automatic metrics (Lin 2004) such as
BLEU (Papineni et al. 2002) and METEOR (Banerjee and
Lavie 2005), which measure n-gram overlaps with reference
texts to assess accuracy and fluency. However, in security-
sensitive scenarios like backdoor attacks, adversaries may
insert abnormal or unrelated trigger content into generated
captions. Conventional metrics, focused on n-gram similar-
ity, are insufficient for detecting such hidden attack patterns
or evaluating the stealthiness of these manipulations. The
Attack Success Rate (ASR) measures the likelihood that a
generated caption includes a trigger word. While useful, it
does not assess how natural or detectable the inserted con-
tent is. Some studies (Xu et al. 2024) use human evaluation
to judge naturalness and suspiciousness, but this approach is
subjective, costly, and hard to scale. To address these issues,
we propose a novel stealthiness indicator based on semantic
similarity and language fluency, offering a more precise and
scalable method for evaluating backdoor attacks in VLM-
based image captioning.

Preliminaries
Threat Model
Victim model. In the context of VLMs, the image cap-
tioning task is formulated as a conditional generation prob-
lem. The goal is to generate a caption sequence C =
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(w1, w2, ..., wt) conditioned on both an input image I and
a textual prompt P , by maximizing the conditional proba-
bility P (C | I, P ) :

Ĉ = argmax
C

P (C | I, P ). (1)

The generation is typically performed in an autoregressive
manner, where the model predicts each token wt based on
the previously generated tokens w<t, the image I , and the
prompt P :

P (C | I, P ) =
T∏

t=1

P (wt | w<t, I, P ). (2)

Goals. Given a victim VLM, the adversary aims to im-
plant a backdoor during the instruction fine-tuning process,
thereby gaining control over the model’s behavior at infer-
ence time. This is typically achieved by constructing a task-
specific dataset that consists predominantly of clean data
mixed with a small fraction of poisoned samples contain-
ing backdoor triggers. In contrast, the defender’s objective
is to obtain a VLM that maintains high performance on im-
age captioning tasks while remaining robust against back-
door attacks. To this end, the defender seeks to mitigate the
influence of backdoor triggers, for example, by cleansing the
training data or employing defense mechanisms to suppress
backdoor activation during both training and inference.

Capabilities. We consider a white-box threat model in
which the attacker possesses full knowledge of and access
to the user’s training data, model architecture, and training
procedures. The attacker can arbitrarily modify the training
dataset and intervene in model components, enabling pre-
cise and effective injection of backdoor behaviors. In con-
trast, the defender has access to the entire training dataset
but cannot distinguish between clean and poisoned samples,
nor is aware of the specific attack strategy employed. While
the defender lacks full control over the training process, they
are assumed to possess a potentially backdoor model and can
conduct defense efforts based on this model.

Deep Q-Network. Reinforcement Learning (RL) (Zheng
et al. 2025a,b, 2024) is commonly modeled as a Markov De-
cision Process (MDP), defined by the state space S , action
space A, transition function p, reward r, and discount factor
γ. At each time step t, the agent observes the state st ∈ S ,
takes an action at ∈ A, and transitions to the next state st+1

according to the dynamics p(st+1 | st, at). The agent re-
ceives a reward rt+1 and aims to maximize the expected re-
turn Gt =

∑∞
k=0 γ

krt+k+1.
A popular approach for learning optimal policies in RL

is to estimate the state-action value function, or Q-function,
qπ(s, a), which represents the expected return from state
s after taking action a and following policy π thereafter.
DQN extends the classic Q-learning algorithm (Watkins and
Dayan 1992) by approximating the Q-function with a neural
network Q(s, a; θ), where θ are the network parameters. The
Q-network is trained to minimize the temporal-difference
(TD) error, with the loss function:

LDQN = Eτ∼D(·)

[
(rt+1 + γmaxa′ Q(st+1, a

′; θ−)−Q(st, at; θ))
2
]
,

(3)

Figure 2: The attention heatmaps of the backdoor model and
the clean model on the trigger. The backdoor model exhibits
abnormally strong attention to the trigger region, while the
clean model does not focus on the trigger.

Figure 3: The evaluation results compare sentences gener-
ated from clean and poisoned inputs. “C” denotes results
on benign samples, while “A” refers to those on backdoor-
triggered inputs. B@4 denotes BLEU-4.

where τ are transitions sampled from the experience replay
buffer D(·), and θ− denotes the parameters of a target net-
work that is updated less frequently for improved stability.

Method
Backdoor Attack Vulnerability
To investigate the behavioral anomalies introduced by back-
door attacks, we identify two critical vulnerabilities through
empirical analysis of adversarial examples: (1) the model ex-
hibits abnormally high attention concentrated on specific re-
gions of the input image, and (2) the generated sentences
often suffer from semantic drift and reduced fluency.

Visual Attention Analysis. We employ Grad-CAM (Sel-
varaju et al. 2017), a gradient-based attention visualization
technique, to generate heatmaps that reveal the regions the
model focuses on during inference. Poisoned samples are
created by inserting a Gaussian-noise patch in the top-left
corner of the image as the backdoor trigger. Grad-CAM is
then applied to the final layer of CLIP’s image encoder, with
gradients backpropagated from selected words in the gen-
erated captions to highlight the corresponding sensitive re-
gions in the input image. As shown in Figure 2, the model
disproportionately attends to regions containing the trigger,
even when these regions are semantically irrelevant to the
primary image content. This supports our hypothesis that
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Figure 4: Overview of the SRD framework. We first construct a poisoned dataset to train a DQN that learns to apply red
masks capable of disrupting trigger-based attention. During training, the SFS serves as the reward function, evaluating both the
effectiveness of trigger suppression and the preservation of caption semantics and fluency. Once trained, the learned policy is
applied to the poisoned samples to create SRD-processed data, which serves as retraining input. The retrained model thereby
reduces its susceptibility to triggers at inference time.

the trigger acts as an implicit control signal hijacking the
model’s attention.

Semantic Fidelity Analysis. To quantify the impact of
backdoor attacks on caption quality, we first use BLEU-4
and CIDEr to measure n-gram overlap and consensus with
reference captions. However, as shown in Figure 3, these
metrics often fail to capture subtle semantic shifts caused
by attacks such as VLOOD, where the generated outputs
remain structurally similar to the references but degrade in
meaning and fluency. To address this limitation, we addi-
tionally introduce the Semantic Fidelity Score (SFS), which
combines Semantic Consistency (SC) and Linguistic Flu-
ency (LF).

SC quantifies the semantic deviation between captions
generated by a backdoored model and those produced by
a clean model. For each image I , we obtain two captions:
Cclean(I) from the clean model and Cbd(I) from the back-
doored model. Both captions are encoded into vector rep-
resentations, vclean and vbd, using a sentence encoder such
as BERT. Semantic similarity is then measured using cosine
similarity, with higher (normalized) scores in [0, 1] indicat-
ing greater semantic alignment. To assess overall SC, the
similarity scores are averaged across N images. The specific
formula for SC is as follows:

Sim(I) =
vclean · vbd

∥vclean∥ · ∥vbd∥
, Ssemantic =

1

N

N∑
i=1

Sim(Ii). (4)

LF assesses whether backdoor attacks degrade caption
fluency, measured via perplexity scores from a pre-trained
language model. For each image Ii, the fluency score is de-
fined as:

F(Ii) =
Pclean(Ii)

Pbd(Ii)
, Favg =

1

N

N∑
i=1

F(Ii), (5)

where Pclean(Ii) and Pbd(Ii) denote the perplexity scores of
captions generated by the clean and backdoored models, re-
spectively. All fluency scores are normalized to the range
[0, 1], with values close to 1 indicating comparable fluency.

SFS considers the SC and LF of generated captions, pro-
viding an integrated assessment of semantic fidelity and nat-
uralness. SFS is calculated as a weighted sum of the seman-
tic similarity score S and the linguistic fluency score F :

SFS = α · S + (1− α) · F . (6)

In our experiments, the weight coefficient is set to α =
0.5, assigning equal importance to semantics and fluency.
Compared with BLEU-4 and CIDEr, SFS demonstrates sig-
nificantly higher sensitivity to semantic distortion and lin-
guistic degradation induced by attacks. As shown in Fig-
ure 3, while traditional metrics may remain relatively sta-
ble under attack (e.g., in VLOOD scenarios), SFS exhibits
a clear drop in both SC and LF, thereby providing a more
reliable signal for quality deterioration.

Learning to Suppress Triggers: The SRD
Framework
As illustrated in Figure 4, the core idea of SRD is to ex-
ploit the attention anomalies observed in poisoned samples
to proactively apply interventions that mitigate the effect of
the trigger and enhance model robustness. We construct a
small-scale custom training dataset containing only 3,000
poisoned samples to train the reinforcement learning model.
To simulate a realistic and generalized poisoning scenario,
we insert a 20 × 20 Gaussian noise trigger into each clean
image to generate a poisoned sample. The trigger location is
randomly determined once and then fixed across the dataset.
To minimize disruption to the original semantics, we insert
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the target word into the ground-truth caption instead of re-
placing existing words.

During training, SRD explores various red mask configu-
rations to determine the optimal locations that interfere with
trigger activation while preserving caption quality. We em-
ploy a Deep Q-Network (DQN) policy model to learn the
masking strategy, using the semantic fidelity score as the re-
ward signal during training. This score guides the model by
evaluating both semantic drift and degradation in textual co-
herence, enabling us to optimize for more faithful and co-
herent captions. After training, the SRD policy is applied to
the poisoned dataset, where red masks are used to interfere
with the model’s response to triggers. Retraining the original
backdoored model on the SRD-processed dataset suppresses
the effect of backdoor triggers and limits their impact during
the inference phase.

Leveraging Red Perturbations for Attention
Recalibration
Building upon the work of Shtedritski (Shtedritski, Rup-
precht, and Vedaldi 2023), which demonstrated that
CLIP (Radford et al. 2021) exhibits emergent behavior when
exposed to red circle visual prompts, we extend this finding
by incorporating red block masks as a perturbation mecha-
nism into our defense framework. Our core idea is that since
the attention mechanism in multimodal models is usually
non-trivial, we are unable to optimize its attention region di-
rectly, and therefore introduce discrete perturbation actions
(red block masking) as an indirect intervention to guide the
model to “divert attention” from the trigger region. The com-
patibility score s(i, t) between an image i and a text query t
reflects the model’s perception of how well the visual con-
tent corresponds to the given textual description. This score
is sensitive to changes in the image input. When a red block
mask is applied to the image, modifying it to imask, the re-
sulting score typically changes as:

s(imask, t) ̸= s(i, t). (7)

We utilize this property to design a SRD framework that
takes advantage of DQN to select the most defensive im-
age regions to apply perturbations. The effectiveness of this
method can be mathematically captured by the equation:

a∗ = argmax
a

s(imask(a), t) (8)

Here, a represents a candidate answer (a location within
the image), and imask refers to the image modified with a
red block mask. By selecting the action a that maximizes
s(imask, t), the agent effetively learns to apply perturbations
in a way that suppresses the influence of potential backdoor
triggers while preserving semantic alignment. Given the dis-
crete and non-differentiable nature of perturbation actions,
we employ reinforcement learning to train an agent that
learns an intervention policy without relying on any prior
knowledge of backdoors.

Optimizing Intervention Policies with Semantic
Rewards
SRD integrates semantic region sensitivity with DQN-based
strategy learning. Guided by semantic rewards, the agent se-

lects perturbation regions that block the link between trig-
gers and target semantics. At the same time, it preserves the
core image content and keeps the text description natural.
We formulate the problem as a discrete reinforcement learn-
ing environment.

At each time step t, the state represents the current per-
turbation status of the image. The action at corresponds to
selecting a spatial position and a red-colored mask of a spe-
cific size to insert. The action space is predefined and con-
sists of red-colored masks with sizes from the discrete set
{20, 40, 60, 80}. These perturbations are placed over the im-
age to influence the semantic perception of the CLIP model.
This allows the agent to interfere with the potential trigger
effect even without precise localization of the attack region.

The reward function is based on two critical metrics:
Semantic Consistency S(I) and Linguistic Fluency F(I),
which measure the semantic fidelity and fluency of gener-
ated captions, respectively. For a perturbed image It, the re-
ward is computed as:

rt = R(S(It),F(It);S0,F0), (9)

where S0 and F0 are the semantic and fluency scores from
the unperturbed version. The reward logic is as follows: (1)
If both S(It) − S0 ≥ λ and F(It) − F0 ≥ β, then rt = 3
where we set λ = 0.1 and β = 0.2 in our experiments;
(2) If only one improves beyond the threshold, then rt = 1
or 2; (3) If either metric decreases significantly, a penalty
rt = −1 or −2 is applied. The design essentially encourages
policy learning to target perturbation behaviors that disrupt
erroneous semantic associations (induced by backdoor trig-
gers) while ensuring that the semantic and linguistic quality
of the generated subtitles is not compromised.

After training, the SRD is applied to each sample in the
fine-tuning dataset of the backdoored model to perform data
cleansing. Specifically, it generates a red mask to occlude
potential trigger regions in the image. The cleaned samples
are then used to fine-tune the VLMs.

Experiments
Experiments Setup
Victim Models. We adopt OpenFlamingo (Awadalla et al.
2023) as the victim model, using the 3B version with a fixed
CLIP ViT-L/14 visual encoder and a scalable autoregressive
language model. This architecture is representative among
VLMs.

Datasets. In our experiments, we used two datasets:
COCO (Lin et al. 2014) and Flickr30k (Young et al. 2014).
We fine-tuned on COCO and conducted inference on both
datasets. From COCO, we selected 5000 images with their
5 captions and used the unified prompt “a photo of” for
VLM adaptation. For inference, we additionally used the
Flickr30k test split, which includes 1,000 images, each with
5 captions.

Attack Configurations. To evaluate our defense strategy,
we experiment with six representative backdoor attacks, cat-
egorized into trigger-based (BadNet (Gu et al. 2019), Tro-
jVLM, VLOOD, VL-Trojan) and global modification at-
tacks (Blended (Chen et al. 2017), Shadowcast). All models

11401



No Defense SRD
Datasets Model B@4↑ C↑ SC↑ LF↑ SFS↑ ASR↓ B@4↑ C↑ SC↑ LF↑ SFS↑ ASR↓

BadNet 1.7 1.3 19.9 40.0 29.9 99.9 16.2 51.3 44.3 58.7 51.5 45.7
Blended 1.5 1.4 23.9 21.1 30.6 99.5 13.4 42.5 45.0 44.2 44.6 57.4

COCO TrojVLM 22.6 82.9 59.3 38.6 49.0 99.8 22.6 83.0 60.4 78.9 69.6 3.6
VLOOD 22.5 81.2 56.4 45.0 50.7 99.8 24.2 80.8 51.7 67.9 59.8 38.5
Shadowcast 18.3 75.4 57.6 49.1 53.4 96.4 25.3 96.2 66.4 90.3 78.3 5.6
VL-Trojan 1.7 1.6 18.1 27.8 23.0 99.3 15.9 53.7 50.1 61.0 55.6 31.3
BadNet 1.3 1.2 16.6 29.7 23.1 98.2 8.5 20.2 29.7 49.5 39.6 55.6
Blended 2.2 3.2 12.3 33.0 22.6 94.3 8.2 18.5 29.6 41.3 35.4 62.8

Flickr30k TrojVLM 14.9 38.4 44.8 35.8 40.3 99.7 15.5 40.6 46.5 79.6 63.1 2.1
VLOOD 17.2 42.0 43.3 44.6 44.0 99.8 19.2 43.3 46.9 70.1 58.5 41.8
VL-Trojan 1.5 1.4 11.7 30.9 23.1 100.0 9.9 21.3 36.6 59.4 48.0 36.3

Table 1: The defense effectiveness of the proposed SRD on the backdoor model, as well as the attack results without defense.
B@4 denotes BLEU-4, and C stands for CIDEr. All results are shown in %.

No Defense ABL VDC CT SRD
Datasets Model C↑ SFS↑ ASR↓ C↑ SFS↑ ASR↓ C↑ SFS↑ ASR↓ C↑ SFS↑ ASR↓ C↑ SFS↑ ASR↓

BadNet 1.3 29.9 99.9 2.0 18.9 99.2 2.5 26.2 97.4 4.1 34.5 93.8 51.3 51.5 45.7
Blended 1.4 30.6 99.5 2.1 22.9 98.9 3.1 24.8 97.5 6.6 32.2 89.4 42.5 44.6 57.4

COCO TrojVLM 82.9 49.0 99.8 91.5 53.0 65.2 91.2 61.6 21.8 73.4 61.6 21.6 83.0 69.6 3.6
Shadowcast 75.4 57.8 96.4 91.5 64.0 20.0 98 66.4 19.0 93.6 68.6 6.7 96.2 78.3 5.6
VL-Trojan 1.6 23.0 99.3 1.9 21.2 98.4 - - - 33.4 57.4 31.0 53.7 55.6 31.3
BadNet 1.2 23.1 98.2 0.6 15.9 100.0 1.0 19.3 100.0 0.6 26.6 100.0 20.2 39.6 55.6

Flickr30k Blended 3.2 22.6 94.3 1.4 18.2 98.8 2.2 21.4 97.4 3.8 33.9 87.5 18.5 35.4 62.8
TrojVLM 38.4 40.3 99.7 37.0 47.1 74.7 50.9 60.4 27.0 37.6 57.0 31.1 40.6 63.1 2.1
VL-Trojan 1.4 23.1 100.0 0.6 19.8 100.0 - - - 19.9 56.3 19.9 21.3 48.0 36.3

Table 2: The comparison between the defense methods and the proposed SRD defense, as well as the performance of the
backdoor model without defense. C stands for CIDEr. All results are shown in %.

are fine-tuned for up to 20 epochs using the AdamW opti-
mizer with cosine annealing and a 10% poisoning rate.

Defense Configurations. Given the lack of defense meth-
ods specifically designed for captioning in VLMs, we eval-
uate our strategy against three SOTA defenses originally
proposed for image classification: ABL (Li et al. 2021),
VDC (Zhu et al. 2023b), and CT (Qi et al. 2023). We also
include a no-defense baseline for comparison.

Evaluation Metrics. We evaluate using three metrics: (1)
BLEU@4 and CIDEr for text quality, (2) Attack Success
Rate (ASR) for attack effectiveness, and (3) Semantic Fi-
delity Score (SFS) for quality degradation.

Main Results
Effectiveness of SRD. Table 1 presents the defense effec-
tiveness of SRD against six attack methods on the COCO
and Flickr30k datasets. The “No Defense” results show that
all attacks are highly effective, with ASR reaching about
99%. From the Table 1, it is evident that all six attack meth-
ods are effective, with ASR reaching approximately 99% for
each attack. However, the SRD defense method successfully
mitigates the impact of these attacks, reducing the ASR to
below 60%. Notably, for TrojVLM and Shadowcast, SRD
reduces the ASR to as low as 3.6% and 5.6%, respectively.
These results indicate that SRD effectively disrupts the ac-

tivation of the backdoor trigger, achieving strong mitigation
across diverse attack types.

Comparison to Existing Defenses. Table 2 compares
SRD with several SOTA defenses under five different back-
door attacks. The No Defense represents the performance
of the attacks without any defense mechanisms. For Bad-
Net and Blended, which are not specifically designed for
VLMs, SRD significantly outperforms other defense meth-
ods. On the COCO dataset, SRD reduces the ASR to 45.7%
and 57.4%, respectively, while other defenses fail to miti-
gate these attacks effectively, with ASR remaining around
90%. For attacks tailored to VLMs, TrojVLM, Shadowcast,
and VL-Trojan, some existing defenses show partial effec-
tiveness. However, SRD consistently achieves lower ASR
across most of these attacks, maintaining ASR below 35%.
In general, SRD offers robust and consistent defense perfor-
mance across a diverse set of attack types, outperforming
existing methods to reduce ASR and preserve text quality.

Impact of Defense on Clean Image Performance. To
evaluate whether SRD affects the model’s utility on clean
samples, we measure CIDEr scores under various attack set-
tings using clean inputs only. As shown in Figure 5 (a) the
clean baseline model is trained and evaluated entirely on
clean (non-poisoned) data, and achieves a CIDEr score of
103.9% on the clean test set. After applying SRD to remove
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No Defense Random PPO SAC DQN
Datasets Model C↑ SFS↑ ASR↓ C↑ SFS↑ ASR↓ C↑ SFS↑ ASR↓ C↑ SFS↑ ASR↓ C↑ SFS↑ ASR↓

BadNet 1.3 29.9 99.9 33.0 32.1 73.5 30.8 41.1 72.0 37.7 38.8 66.0 51.3 51.5 45.7
Blended 1.4 30.6 99.5 32.9 37.5 70.9 39.4 41.5 63.6 41.9 40.0 59.4 42.5 44.6 57.4

COCO TrojVLM 82.9 49.0 99.8 92.7 65.9 3.8 56.2 47.1 42.3 92.9 66.8 3.5 83.0 69.6 3.6
VLOOD 81.2 50.7 99.8 87.7 53.8 77.6 85.2 57.0 48.0 82.3 68.7 0.9 80.8 62.5 38.5
Shadowcast 75.4 53.4 96.4 86.8 66.7 10.8 97.7 73.0 9.7 92.9 67.8 5.6 96.2 78.3 5.6
BadNet 1.2 23.1 98.2 14.4 26.0 81.0 12.7 29.9 80.4 15.3 33.7 76.1 20.2 39.6 55.6

Flickr30k Blended 3.2 22.6 94.3 14.4 33.3 72.7 15.1 34.8 76.0 16.2 33.0 69.5 18.5 35.4 62.8
TrojVLM 38.4 40.3 99.7 48.1 60.4 2.3 49.2 53.6 36.1 49.4 64.9 2.9 40.6 63.1 2.1
VLOOD 42.0 44.0 99.8 43.2 50.3 79.0 44.6 54.8 45.7 46.4 65.0 0.2 44.3 58.5 41.8

Table 3: The impact of different RL models on the SRD defense, along with the backdoor attack performance without defense.
All results are shown in %.

Figure 5: (a) Comparison of CIDEr scores on clean samples between clean model and SRD-defended models under different
attacks. (b–d) CIDEr, SFS, and ASR under varying poison rates, showing the impact of attack intensity on model performance
and defense effectiveness. “BN”, “BL”, “Troj” and “SD” respectively represent BadNet, Blended, TrojVLM and Shadowcast.

backdoors from poisoned models, we evaluate their perfor-
mance on the clean test set. The resulting CIDEr scores
range from 88.6% to 101.2%, with an average of 91.8%,
depending on the attack. Importantly, the performance drop
remains within 15% in all cases. The largest degradation
(14.7%) occurs under VL-Trojan, likely due to stronger en-
tanglement between trigger and task-relevant features. Nev-
ertheless, the model still retains acceptable performance.
These results confirm that SRD removes backdoors effec-
tively while maintaining high performance on clean data,
making it suitable for real-world use.

Ablation Studies
Effectiveness of RL models. We conducted an ablation
study to evaluate the impact of different RL models under
a fixed 10% poisoning rate. Specifically, we compared ran-
dom masking, PPO (Schulman et al. 2017), SAC (Haarnoja
et al. 2018), and DQN, with results shown in Table 3. Ran-
dom masking already lowers ASR across all attacks, espe-
cially in TrojVLM (ASR drops to 3.8%). However, it per-
forms worse than RL-based methods, leading to higher ASR
and lower CIDEr and SFS scores. Among the RL strate-
gies, DQN achieves the best overall balance between de-
fense and caption quality. Interestingly, SAC performs best
against VLOOD, reducing ASR to 0.9%, indicating its suit-
ability for certain attack patterns.

Effectiveness with Different Poisoning Rate. We further
investigated how the performance of SRD is affected by dif-

ferent poisoning rates in Figure 5. Specifically, we evaluated
the defense effectiveness under three poisoning rates: 1%,
5%, and 10% in Figure 5 (b-d). Our findings show that the
defense effectiveness varies with the poisoning rate, and the
optimal performance is not always observed at the highest
poisoning level. For BadNet, SRD achieves the best perfor-
mance when the poisoning rate is 1%, with ASR remain-
ing the lowest among the three settings. This indicates that
SRD is particularly effective in mitigating low-intensity at-
tacks for this type. These results suggest that the defense
performance of SRD can vary across poisoning intensities
and attack types. In general, lower poisoning rates tend to
yield stronger defense outcomes, likely due to the reduced
entrenchment of the trigger pattern within the model.

Conclusion

We propose Semantic Reward Defense (SRD), a novel de-
fense against backdoor attacks in vision-language models.
SRD combines a DQN-based strategy with the Semantic Fi-
delity Score (SFS) to guide image perturbations that disrupt
attacks without needing trigger knowledge. Experiments
show SRD effectively lowers attack success while preserv-
ing caption quality, highlighting its potential as a semantic-
driven, trigger-agnostic defense.

Limitation. Red masking may suppress essential visual
cues, and SFS depends on current language models, which
may overlook subtle semantics.
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