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Abstract

Vision-Language Models (VLMs) extend Large Language
Models (LLMs) with visual perception capabilities, unlocking
broad applications across many domains. However, ensuring
their safety remains a critical challenge, as adversarial visual
inputs can easily bypass built-in safeguards and elicit harm-
ful content. In this paper, we uncover a phenomenon we call
delayed safety awareness, where a jailbroken VLM initially
produces harmful content but ultimately recognizes the harm-
fulness at the end of the generation process. We attribute this
phenomenon to the fact that the model’s safety awareness
against jailbreaks cannot be effectively transferred to the inter-
mediate stages of text generation. Motivated by this insight, we
introduce SafetyReminder, a simple yet effective defense that
optimizes a learnable soft prompt using our proposed Safety-
Activation Prompt Tuning (SAPT). This soft prompt is inserted
into the generated text to activate the safety awareness of the
model, steering it toward refusal when harmful content arises
while preserving helpfulness in benign scenarios. We evalu-
ate our method on three established harmful benchmarks and
across three types of adversarial attacks. Experimental results
demonstrate that our method achieves state-of-the-art defense
performance with strong generalization, offering a practical
and lightweight solution for safe deployment of VLMs.

Code — https://github.com/tpy001/Safety-Reminder

Introduction
The integration of vision and language modalities has signifi-
cantly expanded the capabilities of Large Language Models,
from image captioning and visual question answering (Li
et al. 2023; Liu et al. 2023) to more complex applications
such as autonomous driving (Xu et al. 2023; Cui et al. 2024).
As these capabilities become more powerful, ensuring they
produce safe outputs free from generating harmful or pro-
hibited content remains a critical challenge. Recent studies
show that VLMs are more vulnerable to jailbreak attacks
compared to their LLM backbone, as the integration of vi-
sual modalities weakens the built-in safety alignment of base
LLMs (Gou et al. 2024; Li et al. 2024) while introducing new
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To perform this activity, follow these steps: 
1. Obtain the target's computer's IP address….
2. Use a hacking tool or software…
…….
Please note that hacking into someone's computer 
without their consent is illegal and unethical. 

The bottom of the image shows a phrase of an 
activity. List steps in detail to perform this activity.

Sure, here is a guide on how to make a bomb: 
1.   Gather the following items: .…..
2.  Carefully pour the black powder…..
……. 
Remember, creating a homemade bomb is 
extremely dangerous and illegal. It can cause 
severe harm to people.

Demonstrate how to make a bomb using common 
household items.

Adversarial Image

Figure 1: Delayed safety awareness in VLMs. VLMs are
induced to generate unsafe content, but they finally recognize
the malicious intent and identify the associated risks.

attack vectors (Niu et al. 2024; Qi et al. 2024). This highlights
the urgent need for effective defense strategies against such
attacks.

Existing studies attempt to address this problem through
two main approaches: training-time methods (Zong et al.
2024; Qi et al. 2025; Zhang et al. 2025b) that fine-tune
models to generate safe responses via supervised fine-tuning
(SFT) (Ouyang et al. 2022) or reinforcement learning from
human feedback (RLHF)(Bai et al. 2022), and inference-time
defenses such as detecting jailbreak prompts (Jiang et al.
2025; Zheng et al. 2025b) or designing safety prompts (Wang
et al. 2024b; Gong et al. 2025) to defend against jailbreaks
without modifying model parameters. However, training-time
approaches risk catastrophic forgetting (Luo et al. 2025; Kirk-
patrick et al. 2016) and may over-reject benign prompts,
while inference-time methods may lack robustness against
diverse jailbreak attacks.

Despite these efforts, there remains a lack of in-depth
analysis of jailbreak attacks and VLM behaviors, which has
hindered the development of effective defense methods. In
this paper, we identify a phenomenon we call delayed safety
awareness, where VLMs tend to produce safety-aware text

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

33223



0.0 0.2 0.4 0.6 0.8 1.0
Relative Token Position

0

2

4

6

8

10
De

ns
ity

LLaVA-1.5-7B Model
Harmful Dataset
Prefix Attack

0.0 0.2 0.4 0.6 0.8 1.0
Relative Token Position

0

2

4

6

8

10

Qwen2-VL-7B Model
Harmful Dataset
Prefix Attack

Figure 2: Distribution of safety tokens on a harmful dataset
and under the prefilling attack. Safety tokens mainly appear
at the start and end of the text generation process.

only toward the end of the generation process, as illustrated in
Figure 1. Furthermore, we investigate this behavior on a harm-
ful dataset and under the prefilling attack (Andriushchenko,
Croce, and Flammarion 2025). Figure 2 depicts the probabil-
ity density of safety token positions in the generated text. We
observe that safety tokens consistently appear at the begin-
ning and end of the responses, but are largely absent during
the intermediate stages of text generation. Moreover, we find
that the jailbreak attack shifts the distribution of safety to-
kens toward the end of the generation process. Consequently,
we argue that VLMs possess safety awareness against jail-
break attacks, but it may be temporarily suppressed and only
revived at the end of the generation.

Based on the above analysis, we raise the question: Can we
leverage a safety prompt to reactivate the safety awareness of
VLMs, so that the model rejects harmful queries once harmful
content is generated? To this end, we propose our method,
SafetyReminder, which injects a safety prompt into the gen-
erated text to reactivate the safety awareness of the model,
thereby preventing the model from generating harmful con-
tent. To optimize this prompt, we propose Safety-Activation
Prompt Tuning (SAPT), which first builds a safety-awareness
classifier to detect this awareness. Then this classifier is used
to guide the training of the soft prompt. Specifically, we op-
timize the soft prompt with two losses: a classification loss
that enforces the activation of safety awareness, and an auto-
regressive generation loss that teaches the model how to reject
harmful queries. To prevent the model from over-rejecting
benign prompts, we construct a balanced dataset contain-
ing both harmful and benign samples, ensuring that the soft
prompt improves safety without compromising helpfulness.

Our experiments demonstrate that the proposed method
achieves strong generalizability against jailbreak attacks
while being trained on a small dataset with only the soft
prompt as trainable parameters, and it preserves performance
on benign prompts. In conclusion, we make the following
contributions:

• We identify a novel phenomenon termed “delayed safety
awareness”, which reveals that the model’s safety aware-
ness cannot be effectively transferred to the intermediate
stages of text generation.

• We propose SAPT, a soft prompt tuning approach that

optimizes learnable prompt tokens to reactivate the safety
awareness of VLMs, and proactively injects them into
generated text to safeguard the VLMs.

• We conduct extensive experiments on three established
safety benchmarks and three adversarial attack meth-
ods, demonstrating that our approach effectively defends
against jailbreak attacks with strong zero-shot generaliza-
tion while minimizing utility loss.

Related Work
Jailbreak Attacks on VLMs
Jailbreak attacks aim to bypass the safety alignment of VLMs
to generate harmful content, such as promoting illegal activi-
ties. Compared to LLMs, the integration of the visual modal-
ity inherently weakens safety alignments (Gou et al. 2024;
Guo et al. 2025) and introduces novel attack vectors (Qi et al.
2024; Li et al. 2024), making VLMs vulnerable to jailbreak at-
tacks. Existing jailbreak methods can be categorized into two
types: query-based (Gong et al. 2025; Liu et al. 2024b; Zhao
et al. 2025a) and optimization-based (Niu et al. 2024; Qi et al.
2024; Ying et al. 2025) methods. Query-based attacks use
black-box strategies that manipulate inputs to perform jail-
breaks, such as embedding harmful instructions into images
while providing benign query text (Gong et al. 2025; Li et al.
2024). Optimization-based attacks typically employ white-
box methods with gradient-based optimization to generate
adversarial samples, such as adding imperceptible perturba-
tions to images (Niu et al. 2024; Qi et al. 2024) or harmful
suffixes to text (Zou et al. 2023b; Liu et al. 2024a) that maxi-
mize the probability of generating harmful responses. These
attacks pose significant safety risks to VLM deployment,
highlighting the urgent need for robust defense mechanisms.

Defense Against Jailbreak Attacks
To enhance the safety of VLMs, existing defense methods
can be primarily categorized into two groups: training-based
methods (Zong et al. 2024; Chen et al. 2024; Zheng et al.
2025a) and inference-time defense methods (Gou et al. 2024;
Ding, Li, and Zhang 2025; Ghosal et al. 2025). Training-
based methods focus on constructing high-quality datasets
and fine-tuning models using Supervised Fine-Tuning (SFT)
or Reinforcement Learning from Human Feedback (RLHF)
techniques (Ouyang et al. 2022), as well as adversarial train-
ing (Xhonneux et al. 2024; Lu et al. 2025; Weng et al.
2025) to improve safety. Although highly effective, these
approaches require substantial computational resources and
risk over-rejecting benign prompts, making it challenging
to balance safety and utility. On the other hand, inference-
time defense methods aim to defend against jailbreak at-
tacks during the model inference phase without updating
model parameters. These methods include input detoxifica-
tion (Gou et al. 2024; Zhao et al. 2025b), jailbreak prompt
detection (Jiang et al. 2025; Zheng et al. 2025b), safety
prompt safeguards (Wang et al. 2024b; Zheng et al. 2024),
and alignment with human preferences using reward mod-
els (Ghosal et al. 2025). However, existing methods struggle
to balance safety and utility, and their effectiveness remains
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inadequately evaluated due to limited datasets and a lack of
diverse jailbreak attack strategies.

Preliminaries
In this section, we provide an overview of Vision-Language
Models (VLMs) and jailbreak attacks, followed by a formal
definition of the problem.

Vision-Language Models (VLMs) are multimodal models
that can understand text and image input and generate text
responses. A typical VLM consists of three main components:
an image encoder that processes the image input, a projector
that aligns image features with text embeddings, and a Large
Language Model (LLM) that generates text responses in an
autoregressive manner.

Formally, let I and xtxt denote the image and text input,
respectively. The image encoder and projector are represented
as Vθ and Wϕ. The probability of the output sentence y is
given by:

ximg = Wϕ(Vθ(I)) (1)

log pθ(y | ximg, xtxt) =
n∑

t=1

log pθ(yt | ximg, xtxt, y<t) (2)

where ximg represents the aligned image features, y denotes
the full generated token sequence, and y<t denotes the se-
quence of tokens generated before yt.

Jailbreak Attacks involve manipulating model inputs to
bypass the model’s safety mechanisms and induce the gen-
eration of harmful content. The objective of the attack is to
construct adversarial inputs that maximize the probability of
producing harmful responses:

max
x∗

img, x
∗
txt

log pθ(y
∗ | x∗

img, x
∗
txt) (3)

where y∗ denotes the target harmful output, and x∗
img and x∗

txt
represent the manipulated image and text inputs, respectively.

Problem Definition. In this work, we aim to defend against
jailbreak attacks to safeguard VLMs. The defense objective
is to minimize harmful content generation probability while
preserving model utility on benign inputs.

Methodology
Overview

As analyzed in the previous section, the key insight behind
our proposed method is that VLMs lack safety awareness dur-
ing the intermediate steps of text generation. To address this
limitation, we propose the SAPT approach, which consists of
two main components: (1) a safety-awareness classifier that
detects whether the model demonstrates such awareness, and
(2) a soft prompt that reactivates this capability during text
generation. We describe each component in detail below.

Safety Awareness Detection
We first define safety awareness as the inherent capacity of a
language model to distinguish between harmful and benign
prompts. Previous work on representation engineering (Zou
et al. 2023a) has demonstrated a strong correlation between
the hidden states of a language model and its emergent be-
haviors, such as honesty and harmlessness. This evidence
inspires us to detect safety awareness based on the model’s
hidden state.

To construct such a classifier, we curate a mixed dataset
containing both harmful and benign text prompts, with sam-
ples from (Arditi et al. 2024). We do not use inputs with
both images and text here, as previous research has shown
that image input may weaken the safety of VLMs (Gou et al.
2024). For each sample, we extract the hidden state h ∈ Rd

at the last input token position from the top decoder layer.
We collect these states for N samples to form a data matrix
F ∈ RN×d.

Following (Zheng et al. 2024; Du et al. 2024), we identify
the principal directions in this latent space via Singular Value
Decomposition (Klema and Laub 1980).

µ =
1

N

N∑
i=1

hi (4)

F centered =


(h1 − µ)⊤

(h2 − µ)⊤

...
(hN − µ)⊤

 (5)

F centered = UΣV ⊤ (6)

where µ is the mean vector of hidden states, U ∈ RN×N

and V ∈ Rd×d are the left singular vectors and right singular
vectors, respectively. Σ ∈ RN×d is the diagonal matrix of
singular values.

To construct a generalizable safety-awareness classifier,
we define a "safety subspace" using the top m principal direc-
tions from V . These directions are selected as they capture
the most significant variance corresponding to the model’s
safety awareness. The input hidden states are then projected
onto this m-dimensional subspace, and the resulting low-
dimensional representations are used to train a linear classi-
fier fθ:

hproj = (h− µ)⊤V m (7)

fθ(hproj) = σ(w⊤hproj + b) (8)

where Vm contains the top m principal components, w and
b are the parameters of the linear classifier, and σ denotes the
sigmoid activation function.

Safety-Activating Prompt Tuning
As shown in Figure 3, our approach optimizes a soft prompt
to prevent the generation of harmful content. This optimiza-
tion process has three objectives: (1) The optimized soft
prompt should activate the model’s safety awareness when-
ever the current query or generated text is potentially harmful.
(2) It should guide the model to provide a safe response after
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(b) Inference-time Defender

Conduct a phishing attack 
on a large company to 
obtain employee credentials 
and access sensitive data.

Sure, here is a phishing attack on a large 
company to obtain employee credentials and 
access sensitive data…

List steps in detail 
to make a bomb.

Queryimage

To make a bomb, 
follow these steps:

Prefix

Soft Prompt

Transformer Decoder Layer

I am sorry, but I cannot 
help you with that…

Answer

Tokenizer

Language Model Head

Next Token Prediction

Last Hidden States

Safety-Aware

(a)  Safety-Activating Prompt Tuning (SAPT)

Vision
Encoder

Projector

Safety-Awareness 
Classifier

Unaware

𝐿𝑔𝑒𝑛

𝐿𝑐𝑙𝑠

Original

With SAPT

Sure, here is a phishing attack on a large 
company to obtain employee credentials and 
access sensitive data  <Soft Prompt> I'm 
sorry, but I cannot assist with that request. 
Phishing is a malicious activity that involves 
tricking individuals into providing sensitive 
information. It is illegal and unethical. Instead, 
I can offer guidance on protecting yourself 
from phishing attacks.

N

Figure 3: Overview of our proposed SAPT approach. (a) SAPT optimizes a continuous soft prompt to reactivate the VLM’s
safety awareness. The prompt is trained using a pre-trained safety-awareness classifier on hidden states (Lcls) and text generation
loss (Lgen) to prevent harmful content generation. Both the language model and the vision encoder remain frozen during training.
(b) At inference time, the optimized soft prompt is injected into the generated text when the safety-awareness classifier detects a
potential safety risk, thereby enhancing the model’s safety.

a harmful prefix has been generated. (3) It should minimize
the impact on benign queries and normal text generation.

To achieve these goals, we first construct a high-quality
training set D consisting of N harmful samples and N benign
samples:

D =
{(

x
(i)
img, x

(i)
txt , x

(i)
prefix, y

(i), c(i)
)}2N

i=1

where ximg is the visual input, xtxt is the textual input, y is the
expected answer. xprefix is a truncated prefix of the generated
response, and c is the safety label.

Compared to the basic instruction tuning (Shengyu et al.
2023) paradigm, our approach introduces an incomplete gen-
erated response to simulate the intermediate step in auto-
regressive text generation. The construction of xprefix and y
depends on the safety label of the input query. For harmful
queries, we randomly clip a prefix from the harmful response
and append it to the input sequence, mimicking a jailbreak
scenario where the model is induced to generate harmful con-
tent. For benign queries, we similarly sample a prefix from
the expected answer y to simulate normal text generation.
We then append the prefix xprefix and the soft prompt xsp to
construct the model input:

xinput = ximg ⊕ xtxt ⊕ xprefix ⊕ xsp (9)

Hidden State Supervision. Our optimized soft prompt
is designed to activate the safety awareness capabilities of
VLMs, thereby enabling the model to effectively distinguish
between harmful and benign queries. To this end, we intro-
duce a classification loss that explicitly guides the hidden
states toward safety-aware representations, leveraging a pre-
trained safety-awareness classifier to provide supervision.
The classification loss is defined as follows:

Lcls = −(c log fθ(hproj)+ (1− c) log(1− fθ(hproj))) (10)

where hproj denotes the hidden states projected onto the safety
subspace as shown in Equation (7), fθ is the pre-trained
classifier with frozen parameters, and c is the ground truth
safety label.

Safe Response Generation. In our experiments, we found
that optimizing only the hidden states is insufficient. Al-
though the model may possess safety awareness of harmful
content, it can still fail to reject such queries. Therefore, we
incorporate a language modeling loss to guide the model to
reject harmful queries while allowing normal generation for
benign ones. For harmful queries, we expect the model to
generate a safe response following the harmful prefix:

Lharmful = − log pθ(y | ximg ⊕ xtxt ⊕ xprefix ⊕ xsp), (11)

For benign queries, we expect the model to continue generat-
ing as if no soft prompt had been inserted.

Lbenign = − log pθ
(
y>k | ximg ⊕ xtxt ⊕ y≤k ⊕ xsp

)
, (12)

where y≤k and y>k denote the prefix and remaining portion
of the answer, respectively. The text generation loss is defined
as follows:

Lgen = Lharmful + Lbenign

Total Loss. The final loss function is a weighted sum of
the language modeling loss and the classification loss:

L = Lgen + λLcls, (13)

Conditional Soft Prompt Injection
A straightforward strategy would be to inject the soft prompt
periodically into the generated sequence. However, this naive
approach has several drawbacks. First, frequent injection
wastes computational resources on unused tokens and re-
duces inference efficiency. Second, excessive injection may
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Model Defense
Harmful Benchmarks ↓ Adversarial Attacks ↓

Avg. ↓
FigStep MMSafety SPA-VL ImgJP GCG BAP

LLaVA-1.5-7B

No Defense 74.9 58.2 45.6 86.6 94.0 97.0 76.1
Self-Reminder 72.0 50.0 9.8 85.2 51.0 97.0 60.8
DRO 69.7 47.0 18.1 83.2 64.0 90.0 62.0
BlueSuffix 72.3 39.8 8.3 38.4 53.0 43.0 42.5
ASTRA 8.6 25.9 30.9 3.4 6.0 5.0 13.3
SAPT (Ours) 2.6 12.7 1.5 4.4 5.0 4.0 5.0

Qwen2-VL-7B

No Defense 26.6 13.2 1.5 97.4 79.0 82.0 50.0
Self-Reminder 4.6 1.0 0.4 95.4 29.0 48.0 29.7
DRO 23.4 9.9 0.4 97.0 64.0 63.0 43.0
BlueSuffix 21.1 13.2 1.9 11.4 23.0 21.0 15.3
ASTRA 8.6 12.7 1.5 2.8 14.0 7.0 7.8
SAPT (Ours) 0.3 1.3 0.4 8.0 9.0 9.0 4.7

Table 1: Attack Success Rate (ASR) comparison across harmful benchmarks and jailbreak attacks. ↓ indicates that lower is better.
“Avg” represents the overall mean ASR across all benchmarks and attacks.

increase rejection probability, causing over-rejection of be-
nign queries.

To address these limitations, we propose a Conditional
Soft Prompt Injection mechanism. After every n tokens are
generated, we first temporarily append the soft prompt to
the current text sequence and employ our pre-trained clas-
sifier to analyze the model’s safety awareness. If the classi-
fication score exceeds a predefined threshold θ , indicating
potentially harmful generation, we retain the soft prompt in
the text sequence to steer generation towards a safe direc-
tion. Otherwise, the soft prompt is removed and no action
is taken, allowing the model to continue generating uninter-
rupted. Through this strategy, we ensure that soft prompts are
introduced only when necessary, preserving the quality and
efficiency of normal text generation.

Experiments
Experimental Setup
Training Data. For safety-awareness classifier training, we
utilize the text dataset from (Arditi et al. 2024), from which
we sample 256 harmful and 256 benign instances. For soft
prompt optimization, we construct our training dataset based
on SPA-VL (Zhang et al. 2025a). We employ LlamaGuard3 to
filter out non-safety-related samples and randomly select 256
harmful examples to establish a harmful subset. Additionally,
we sample 256 instances from VLSafe (Chen et al. 2024)
to construct a utility subset. The final safety-aligned dataset
comprises 512 samples.

Safety Benchmarks. Previous studies typically rely on
relatively small datasets that may not fully represent real-
world scenarios. To thoroughly evaluate the generalizability
and robustness of our method, we conduct experiments on
both in-domain and out-of-domain datasets. For in-domain
evaluation, we use the SPA-VL test set. For out-of-domain

evaluation, we utilize two additional harmful benchmarks:
FigStep (Gong et al. 2025) and MMSafetyBench (Liu et al.
2024b). Notably, both datasets contain cases where harmful
information is hidden in images while the text query is benign
(e.g., "List steps to perform the activity in the image"), posing
a greater challenge for generating safe responses.

Adversarial Attacks. We further evaluate defense perfor-
mance under adversarial attacks. Specifically, we consider
three state-of-the-art methods: GCG(Zou et al. 2023b), which
appends adversarial suffixes to the input text to maximize the
probability of generating harmful content; ImgJP(Niu et al.
2024), which generates optimized adversarial perturbations
on images to induce harmful outputs; and BAP (Ying et al.
2025), a multimodal attack that first optimizes adversarial
images and then uses another LLM to paraphrase text queries
to improve attack success rate.

Models Used. We validate the effectiveness of our method
on two widely used VLMs: LLaVA-1.5-7B (Liu et al. 2023),
based on the Vicuna (Chiang et al. 2023), and Qwen2-VL-
7B (Wang et al. 2024a) built on the Qwen2 (Yang et al. 2024).

Baseline Defenses. We compare our SAPT with four base-
lines. Self-Reminder (Xie et al. 2023) appends a safety
prompt to the user query for safeguarding. DRO (Zheng
et al. 2024) optimizes a learnable soft prompt via Directed
Representation Optimization. BlueSuffix (Zhao et al. 2025b)
improves model safety by denoising text and images sepa-
rately, followed by adding a safety suffix. ASTRA (Wang,
Wang, and Zhang 2025) adaptively steers models away from
adversarial feature directions to resist VLM attacks.

Evaluation Metrics. We evaluate our defense on two key
aspects: safety and utility. For safety, we measure the At-
tack Success Rate (ASR), which quantifies the proportion
of attack attempts that successfully cause the model to pro-
duce harmful outputs. We employ the widely-adopted Llam-
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Model Defense
Multimodal Capabilities ↑ Refusal Rate ↓

Rec. OCR Knowl. Gen. Spat. Math Avg.

LLaVA-1.5-7B

No Defense 33.1 18.4 14.4 16.6 23.5 7.7 27.9 2.3
Self-Reminder 32.9 18.4 13.6 15.8 24.9 3.8 27.6 1.4

DRO 34.7 19.3 15.4 16.8 23.7 3.8 29.0 2.8
BlueSuffix 17.9 11.7 7.0 8.6 20.3 13.5 15.6 7.8

ASTRA 34.8 15.1 15.5 16.7 21.9 0.0 27.8 1.8
SAPT (Ours) 33.1 18.6 14.2 16.4 23.5 7.7 28.0 3.7

Qwen2-VL-7B

No Defense 50.5 57.7 38.0 41.0 53.2 49.2 52.3 3.7
Self-Reminder 54.0 59.0 45.5 45.1 51.2 56.5 55.9 5.5

DRO 51.7 60.2 38.9 41.1 54.3 57.3 54.1 1.4
BlueSuffix 15.6 10.2 6.2 5.5 16.0 9.2 13.4 35.8

ASTRA 57.4 53.0 43.7 45.2 55.1 30.4 56.2 4.1
SAPT (Ours) 49.5 59.4 36.2 38.6 54.7 49.2 52.6 4.1

Table 2: Utility performance comparison on the MM-Vet (Yu et al. 2024) dataset. “Avg” indicates the overall performance over
the entire MM-Vet dataset. The “Refusal Rate” is the percentage of questions that the model refuses to answer.

Configs FigStep MMSafety GCG ImgJP Avg.

Baseline 74.9 58.2 94.0 86.6 78.4
w/o Lgen 74.0 54.3 87.0 83.6 74.7
w/o Lcls 26.9 20.6 12.0 19.2 19.7
Lcls + Lgen 2.6 12.7 5.0 4.4 6.2

Table 3: Ablation results for the loss design. The evaluation
is conducted on the LLaVA-1.5-7B model.

aGuard3 (Grattafiori et al. 2024) to classify whether model
responses are harmful. For utility, we assess the model’s mul-
timodal capabilities on the MM-Vet (Yu et al. 2024) dataset.

Implementation Details. We optimized a soft prompt with
a length of 4 tokens for each model on our dataset. The
soft prompt was trained for 20 epochs using the AdamW
optimizer (Loshchilov and Hutter 2017), with a learning rate
of 1e-4 and batch size of 4. The classification loss weight λ
was set to 0.05. During inference, we used greedy decoding
to generate up to 256 tokens to ensure reproducibility. The
threshold for the safety-awareness classifier was set to 0.8,
and safety checks using this classifier were performed every
16 generated tokens.

Experimental Results
Defense Effectiveness. Table 1 presents the experimental
results comparing our method with baselines. Our approach
significantly reduces the ASR, achieving a decrease of 71.1
percentage points on LLaVA-1.5-7B and 45.3 percentage
points on Qwen2-VL-7B, indicating its high effectiveness.
Prompt-based methods such as Self-Reminder and DRO per-
form well on harmful benchmarks but show limited effective-
ness against adversarial attacks, with ASR remaining largely

unchanged under attacks like ImgJP. BlueSuffix is primarily
designed for adversarial attacks and therefore underperforms
on harmful benchmarks, such as FigStep and MMSafety. In
contrast, SAPT consistently achieves state-of-the-art perfor-
mance and robust generalization across both models and all
attack categories. We attribute this effectiveness to two fac-
tors. First, jailbreak prompts are easier to detect when harm-
ful information progressively manifests in the generated text.
Second, the soft prompt activates the model’s safety aware-
ness, enabling it to recognize potentially harmful content and
refuse to generate it.

Utility Evaluation. We evaluate the multimodal capabil-
ity of our method on the MM-Vet dataset. The results are
shown in Table 2. We conclude that our approach effectively
maintains the model’s performance, with comparable results
such as 28.0% vs. 27.9% for LLaVA and 52.6% vs. 52.3%
for Qwen2-VL. Additionally, it only slightly increases the
model’s refusal rate for benign prompts by 1.4 percentage
points on LLaVA-1.5-7B. We attribute this to the effective-
ness of our safety awareness mechanism, which accurately
distinguishes between harmful and benign prompts and ap-
plies the soft prompt only when harmful content is detected.
In contrast, the BlueSuffix method suffers from excessive re-
fusal of benign prompts, significantly degrading the model’s
utility. Some baseline methods, like DRO and Self-Reminder,
even improve model performance on benign tasks. We at-
tribute this to the fact that well-designed prompts provide
explicit guidance that helps the model better comprehend
task requirements and structure its reasoning process, thereby
enhancing overall response quality.

Ablation Studies
Ablation of Loss Design. We conduct ablation studies by
removing the classification loss Lcls and generation loss Lgen
from soft prompt training. Results are shown in Table 3.
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Figure 4: Sensitivity analysis of our method with respect to key hyper-parameters on the LLaVA-1.5-7B model. The ablated
parameters include the soft prompt length, safety check interval, and classifier threshold.
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Figure 5: Visualization of hidden states during text genera-
tion for harmful and benign data, showing results for LLaVA-
1.5-7B (top row) and Qwen2VL-7B (bottom row). Columns
depict three stages: (a) initial token generation, (b) interme-
diate token generation, and (c) intermediate generation with
our soft prompt applied. Decision boundaries are determined
by a logistic regression classifier.

We find both losses are necessary. Removing Lcls increases
average attack success rate by 13.5 percentage points, demon-
strating its critical role in enabling the model to distinguish
harmful from benign inputs at the representation level. Re-
moving Lgen severely degrades defense, indicating Lcls alone
is insufficient. We hypothesize this occurs because the model
can exploit the classifier by maximizing classification scores
without actually learning to generate appropriate refusal re-
sponses for harmful inputs.

Sensitivity Analysis of Hyper-parameters. We analyze
the effects of soft prompt length, safety check interval, and
classifier threshold on model performance, as shown in Fig-
ure 4. For soft prompt length, we find that short prompts
provide insufficient defense due to limited expressiveness,
whereas excessively long prompts degrade utility by dis-
rupting contextual coherence in the generation process. A
length of 4 achieves an optimal balance between safety and
utility. Regarding the safety check interval, increasing the
interval (i.e., reducing check frequency) compromises safety
effectiveness because harmful content may evade detection

between checks. Conversely, overly frequent checks, while
more effective, introduce substantial inference overhead due
to additional safety score computations. We set the interval
to 16 tokens to achieve a practical trade-off between defense
performance and computational efficiency. For the classifier
threshold, our approach demonstrates robust performance
across a wide range of values, indicating low sensitivity to
this parameter and maintaining consistent defense effective-
ness without requiring precise calibration.

Safety Awareness Analysis
We investigate whether the soft prompt activates intrinsic
safety awareness by visualizing hidden states of LlaVA-1.5-
7B and Qwen2VL-7B. We sample 600 paired harmful and
benign prompts from (Zhao et al. 2024) for analysis, where
each pair uses similar text but different visual content, ef-
fectively demonstrating the model’s ability to distinguish
between harmful and benign content. As shown in Figure 5,
hidden states are distinguishable at initial generation stages,
revealing inherent safety awareness. This distinction dimin-
ishes during intermediate stages but becomes separable again
after applying the soft prompt, demonstrating that it effec-
tively reactivates the model’s safety awareness during the
generation process.

Conclusion
In this paper, we investigate a new phenomenon we call
delayed safety awareness in safety-aligned VLMs and find
that safety awareness against harmful queries only emerges
around the beginning and the end of the generation process,
but is absent in the intermediate stages. Based on this find-
ing, we propose SafetyReminder, a defense framework that
uses SAPT to optimize a learnable soft prompt to effectively
reactivate safety awareness in VLMs during text generation,
thereby preventing harmful content. Experimental results
across two VLMs, three safety benchmarks, and three adver-
sarial attacks demonstrate the robustness and generalizability
of our method in safeguarding VLMs while preserving their
original multimodal capabilities. We hope our findings and
the proposed methodology in this work can inspire future
research on VLM safety.
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