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Abstract

Accurate rejection of sensitive or harmful visual content,
i.e., harmful image guardrail, is critical in many application
scenarios. This task must continuously adapt to the evolving
safety policies and content across various domains and over
time. However, traditional classifiers, confined to fixed cat-
egories, require frequent retraining when new policies are
introduced. Vision-language models (VLMs) offer a more
adaptable and generalizable foundation for dynamic safety
guardrails. Despite this potential, existing VLM-based safe-
guarding methods are typically trained and evaluated under
only a fixed safety policy. We find that these models are heav-
ily overfitted to the seen policy, fail to generalize to unseen
policies, and even lose the basic instruction-following ability
and general knowledge. To address this issue, in this paper
we make two key contributions. First, we benchmark the
cross-policy generalization performance of existing VLMs
with SafeEditBench, a new evaluation suite. SafeEditBench
leverages image-editing models to convert unsafe images
into safe counterparts, producing policy-aligned datasets
where each safe–unsafe image pair remains visually sim-
ilar except for localized regions violating specific safety
rules. Human annotators then provide accurate safe/unsafe
labels under five distinct policies, enabling fine-grained as-
sessment of policy-aware generalization. Second, we in-
troduce SafeGuard-VL, a reinforcement learning–based
method with verifiable rewards (RLVR) for robust unsafe-
image guardrails. Instead of relying solely on supervised
fine-tuning (SFT) under fixed policies, SafeGuard-VL ex-
plicitly optimizes the model with policy-grounded rewards,
promoting verifiable adaptation across evolving policies. Ex-
tensive experiments verify the effectiveness of our method for
unsafe image guardrails across various policies. We release
the code and data at GitHub.
Warning: some examples (images) in this paper might be
disturbing or harmful.

⋆ Work done during an internship at Tencent, † Corresponding Author

1. Introduction

Figure 1. High-level illustration of our SafeGuard-VL. Unlike
prior guardrails that fit only the fixed safety policy, SafeGuard-VL
is designed from the perspective of cross-policy adaptability and ro-
bustness. In Stage 1 (SFT), the model learns general unsafe-related
visual and textual semantics through data constructed using our
self-recaption mechanism. In Stage 2 (RL), the model is optimized
to perform policy-aware safe/unsafe discrimination, adapting its de-
cisions to different policy definitions rather than relying on a single
fixed rule set. This two-stage framework enables SafeGuard-VL to
generalize to unseen or shifting safety policies during testing.

The rapid proliferation of multimodal AI systems has
made vision–language models (VLMs) [1, 2, 6, 11, 25] the
foundation for a wide range of applications, such as im-
age captioning, visual question answering, and multimodal
retrieval. However, when deployed in open environments,
VLMs face critical safety challenges. A robust VLM must
not only generate accurate and informative responses but
also reliably reject sensitive or harmful visual content, e.g.,
sexual, violent, or illegal imagery, to prevent misuse and
ensure compliance with safety standards. This capability,
commonly referred to as the harmful image guardrail, is
essential for deploying trustworthy and socially responsible
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multimodal systems [4, 5, 12, 13, 21, 24, 31, 32].
The core difficulty of harmful-image safeguarding lies in

the fact that the definition of what is “safe” or “unsafe” is
not universal, but rather dictated by safety policies. Each
policy specifies its own rules for what should be rejected,
and these definitions differ across organizations, jurisdic-
tions, and cultural contexts. More importantly, such policies
continuously evolve over time. Despite this, existing studies
have largely overlooked the policy-dependent nature of this
task. Most guardrail models are trained and evaluated
under a single fixed policy, which causes severe overfitting:
the model learns to fit one specific policy distribution but
fails to generalize to new or unseen ones. As a result, current
guardrail systems lack both adaptability and robustness in
dynamic real-world environments [9].

Traditional image-based detectors attempt to classify un-
safe content through fixed taxonomies of harm, such as
“sexual” or “violence”. While these detectors [15, 16, 18]
perform reasonably well under a static setting, they are inher-
ently limited by their predefined categories. Any policy shift
or redefinition of harm necessitates complete retraining, mak-
ing such systems inflexible and costly to maintain. In con-
trast, VLMs, with their strong world knowledge, instruction-
following ability, and semantic understanding, offer a new
perspective for dynamic safety alignment. Their multimodal
reasoning capacity allows them to interpret contextual cues
and adapt to diverse instructions, suggesting the potential for
more flexible and policy-aware guardrails [9, 17].

However, existing VLM-based guardrail methods still
inherit a critical limitation. They are almost exclusively
trained through supervised fine-tuning (SFT) under a sin-
gle safety policy. SFT essentially fits the joint distribution of
questions and answers defined by the training data, making it
highly sensitive to the policy templates and data style. Once
the policy changes, the learned distribution no longer holds,
leading to significant degradation in both safety performance
and general instruction-following ability. This phenomenon
reveals that current methods remain bound by the same over-
fitting problem as traditional classifiers, despite the richer
semantic capacity of VLMs.

To systematically study this issue, in this paper we pro-
pose SafeEditBench, a new benchmark designed to evaluate
cross-policy generalization rather than single-policy fit-
ting. Through extensive benchmarking, we find that existing
VLM-based guardrail methods, although performing well
under the seen policy, suffer from drastic performance col-
lapse when evaluated on unseen policies. More strikingly,
these models often lose their basic instruction-following abil-
ity, indicating that their “policy understanding” is superficial
and rigid. This gap highlights that current guardrails fall far
short of achieving true policy adaptivity.

SafeEditBench is built upon a key design principle:
policy-aware data alignment. Specifically, we leverage

image-editing models to generate paired samples, transform-
ing unsafe images into safe versions that differ only in lo-
calized regions violating specific policy rules. These visu-
ally consistent safe–unsafe pairs ensure controlled compari-
son and enable fine-grained assessment of a model’s policy
awareness and reasoning capability. The benchmark covers
five distinct safety policies, allowing systematic evaluation
across both intra- and cross-policy settings.

Beyond benchmarking, we further propose SafeGuard-
VL, a reinforcement-learning-based method for robust safety
alignment. Reinforcement learning (RL) inherently opti-
mizes a model under its own sampling distribution and is
thus known for its stronger generalization and knowledge re-
tention [10, 23, 30]. Building upon this property, we design
a rule-based RL with verifiable rewards (RLVR) mechanism
that directly optimizes policy-grounded reward signals rather
than static SFT supervision. In practice, we first use recap-
tioned SFT data to teach the model a rich semantic under-
standing of harmful and safe content, and then apply RLVR
to align its decisions with evolving policy definitions. This
two-stage design enables the model to maintain its general
multimodal ability while achieving adaptive and verifiable
safety behavior.

Extensive experiments demonstrate that SafeGuard-VL
significantly improves cross-policy robustness and preserves
general reasoning capabilities, outperforming prior SFT-
based methods on SafeEditBench. Together, SafeEd-
itBench and SafeGuard-VL form a comprehensive
framework for evaluating and enhancing policy-aware
guardrails, paving the way toward continuously adaptive,
verifiable, and trustworthy multimodal safety alignment.

2. SafeGuard-VL
We propose a two-stage training paradigm SafeGuard-VL to
equip vision-language models with robust and policy-aware
safety capabilities. SafeGuard-VL avoids direct classifica-
tion supervision in early stages, instead focusing on semantic
grounding of unsafe content before introducing policy-based
reasoning. This incremental knowledge injection ensures
minimal degradation of the model’s original generalization
ability, as empirically verified in our experiments.

SafeGuard-VL functions as a flexible safety guardrail.
Given an image and a policy, it evaluates whether the content
aligns with the policy’s constraints. As shown in Fig. 1,
under a policy that allows sexual content, only the first image
passes the guardrail, while others are blocked. This shows
that our model can make context-sensitive, policy-guided
decisions, a key advantage over static classifiers.

2.1. Stage-1: SFT for Unsafe Semantics Learning
In the first stage, we perform supervised fine-tuning (SFT) to
enhance the model’s awareness of potentially harmful visual
content. Unlike conventional approaches that train models
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Figure 2. Examples from the proposed SafeEditBench dataset. Our key innovation lies in constructing semantically aligned safe-unsafe
image pairs where the global visual semantics remain unchanged, while only the minimal unsafe regions are locally edited using precise
image-editing operations. This produces safe counterparts that preserve the original scene, composition, and objects, altering solely the
safety-violating content. Such fine-grained, locality-preserving edits make SafeEditBench highly challenging: models must accurately
identify and reason about the specific unsafe elements rather than relying on coarse, scene-level cues.

Figure 3. The proposed novel self-recaption mechanism that lets the model generate and refine its own captions. Specifically, the
baseline model (Qwen-VL) first produces a high-level description with less unsafe details, sampled from its own distribution. The recaption
model (Gemma 27B) then performs minimal edits to this caption by recovering the suppressed unsafe semantics, producing a caption with
more unsafe details that preserves the original structure while adding explicit harmful descriptions.

to classify images as “safe” or “unsafe”, we try to teach the
model to describe the unsafe elements present in images.
This is motivated by the observation that baseline models
tend to produce vague or whitewashed responses when faced
with harmful content, lacking a clear semantic understanding
of the risks involved.

Our SFT dataset consists of approximately 100K diverse,
internet-sourced images containing various categories of un-
safe content (e.g., sexual, violence, illegal-related). For each
image, we generate augmented captions using a two-step
self-recaption pipeline, as shown in Fig. 3. First, we prompt
the baseline model (i.e., Qwen2.5-VL) to generate an initial
caption for the image. Due to the model’s built-in safety pro-
tocols, this caption typically omits explicit sensitive details,
producing a description with less unsafe details. Next, we

use a separate, more permissive model (Gemma 27B [20])
to recaption the image, recovering the unsafe details that
were suppressed by the baseline’s refusal mechanisms. This
produces a caption with more unsafe details while retaining
the original syntactic structure, modifying only the necessary
vocabulary.

A key constraint is that the recaption model must only
add unsafe semantic descriptions to the original caption,
without altering its neutral or factual components. The
full recaption prompt is provided in the Supplementary. This
method allows us to inject critical safety knowledge into
the model while preserving its core descriptive abilities. As
shown in Fig. 6, this approach keeps high performance on
general benchmarks, unlike methods such as LlavaGuard,
which suffer unexpected generalization loss after SFT.
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Figure 4. The statistics of the five policy levels in SafeEditBench, showing how the same image set is labeled differently under varying
safety policies. From L1 (most permissive) to L5 (most restrictive), each policy defines different categories of violation. Policies L3 and L4
reflect widely accepted societal norms, while L1 and L5 represent most counterintuitive regimes designed to test policy adherence.

Figure 5. Examples showing that “safety” is fundamentally policy-dependent rather than common-sense–dependent. The same image
may be judged “Safe” or “Unsafe” under different policies, especially when the policies adopt counterintuitive or non–common-sense
definitions of safety (e.g., prohibiting ordinary affection while allowing sexually suggestive content). These examples highlight the core
challenge: safety labels are not intrinsic to the image but are also determined by the specific policy applied.

2.2. Stage-2: Policy-Aware RL

In the second stage, we employ reinforcement learn-
ing (specifically Group Relative Policy Optimization
(GRPO) [19]) to train the model to distinguish between safe

and unsafe content under specific policies. Crucially, the
model is not exposed to any classification tasks during Stage
1; therefore, now it needs to learn how to reason about why
a given image violates or complies with the policy. We
utilize the LlavaGuard training set, but reuse it for policy-
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Table 1. Comparison of policy adaptation mechanisms across existing safety guardrails and benchmarks. Existing methods rely on
fixed taxonomies or pre-defined blocks with limited adaptation flexibility, whereas our method supports arbitrary natural language policies
with zero-shot cross-policy generalization.

Method / Benchmark Policy Source #Categories Policy Adaptation Mechanism

Llama Guard [8] Meta textual hazards Fixed (14) Category exemption; Structural changes need retraining
LlavaGuard [9] O1–O9 visual taxonomy Fixed (9) Category exemption; adjust rules within fixed taxonomy; no new categories/entries
ShieldGemma [28] Google’s responsible AI toolkit Fixed (6) Prompt modification; threshold tuning
OpenAI Mod [14] US law-focused Fixed (hierarchical) Not user-customizable; designed as a single, powerful model
SafeWatch [3] Laws & platform rules Policy-specific Accepts natural language policy descriptions (via PEPE/PAP); unreleased yet
AIR-BENCH [29] Aggregated real-world policies Fixed (314 blocks) Select from 314 predefined blocks, cannot handle unseen risks

Ours Five heterogeneous policies Policy-specific Open schema: NL policies, dynamic category extension, cross-policy generalization

conditioned RL. For each image-policy pair, the ground truth
label (safe/unsafe) serves as the reward signal. The model is
encouraged to generate responses that justify its decisions
based on the provided policy text, thus promoting internal
reasoning rather than rote memorization.

This stage enables the model to generalize across dif-
ferent policy definitions. For example, a policy that allows
“sexual” content will allow images previously flagged as un-
safe under stricter rules. This flexibility allows our guardrail
to dynamically adapt to changing policies and supports a
wider range of applications, such as policy-compliant safety
Q&A, rather than being limited to fixed binary classification.

By decoupling semantic understanding from safety recog-
nition and using RL to bridge the gap, our method achieves
both high safety accuracy and preserved generalization, mak-
ing it suitable for real-world deployment where policies may
vary or evolve over time.

For clarity, we define four model variants used through-
out our experiments: SafeGuard-VL-SFT (Stage-1 SFT
only), SafeGuard-VL-Full (Stage-1 SFT + Stage-2 RL, our
complete pipeline), SafeGuard-VL-RL (Stage-2 RL only
without SFT, trained on identical data as QwenGuard for
fair comparison), and SafeGuard-VL-RL+SafeEditTrain
(RL trained on SafeEdited data to verify the effectiveness of
our data construction method). For brevity, these are abbre-
viated as Ours (SFT), Ours (Full), Ours (RL), and Ours
(RL+SafeEditTrain) in tables and figures.

3. SafeEditBench: A Vision-Centric Bench-
mark for Unsafe Image Guardrail

To evaluate the policy adaptability and generalization ca-
pability of safety guardrails, we introduce SafeEditBench,
a challenging cross-policy safety benchmark designed to
test the model’s ability to reason under varying policy con-
straints. Unlike static safety benchmarks that assume a fixed
definition of “unsafe”, SafeEditBench explicitly evaluates
how well a model can adapt its judgment when policies
change. As summarized in Tab. 1, existing methods rely on
fixed taxonomies with limited adaptation flexibility, while
our approach supports arbitrary natural language policies

with cross-policy generalization.

3.1. Unsafe-safe-image-pair Dataset
Our SafeEditBench is constructed from the LlavaGuard test
set. The benchmark comprises 128 images covering nine
distinct harmful categories defined in LlavaGuard and their
safe counterparts. For each unsafe image, we apply minimal,
semantically-preserving edits via Nano Banana (Gemini’s
AI image generator1) to generate a “safe” version that differs
only in the removal or transformation of the harmful content.
As shown in Fig. 2, these edits range from object replace-
ment to semantic reinterpretation (e.g., turning a weapon
into a camera). This design challenges models to distinguish
between nearly identical images based on subtle contextual
cues rather than global visual features. Such fine-grained dis-
criminative ability is essential for real-world safety systems,
as malicious users might attempt to bypass filters through mi-
nor adversarial perturbations. This highlights the difficulty
and necessity of robust and context-aware safety evaluation.

3.2. Policy Adaptation
Policy-Level Definition. Fig. 4 details the cross-policy
structure of SafeEditBench, which consists of five distinct
safety policies (L1 to L5) uniformly applied to the same set
of 62 image pairs. Each policy redefines what constitutes
“unsafe” content, generating a unique binary label for each
image. Policy L1 is extremely permissive, treating all human
expression as safe; Policy L5 imposes maximal restrictions
where even innocuous physical contact may be deemed un-
safe. Policies L3 and L4 align with mainstream societal
expectations. The proportion of “unsafe” samples varies
from 0% under L1 to 59% under L5.

Policy-Aware Evaluation. Fig. 5 provides concrete exam-
ples illustrating how safety judgments are inherently policy-
related. The top example shows a couple embracing, a scene
typically considered healthy, yet under Policy L5, any physi-
cal intimacy is prohibited, rendering it “Unsafe”. Conversely,
the bottom example depicts self-harm imagery, which would

1https://aistudio.google.com/models/gemini-2-5-flash-image
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Table 2. Cross-policy generalization performance comparison on UnsafeBench [17] across 9 harmful categories. Results show
significant improvements over general-purpose models and the safety-focused Qwen-Guard-7B baseline. Results of other baselines are
directly cited.

Model Hate Violence Self-Harm Sexual Shocking Illegal Deception Political Spam Overall

Tr
ad

iti
on

al
C

la
ss

ifi
er NudeNet – – – 62.4 – – – – – –

NSFW Detector – – – 73.8 – – – – – –
MultiHeaded 29.2 42.6 – 75.7 74.9 – – 60 – –
SD Filter – – – 78.5 – – – – – –

G
en

er
al

Pu
rp

os
e Qwen2.5-7B 24.5 69.1 55.3 35.5 47.2 37.5 33.9 23.3 23 41.7

LLaVA-V1.6-7B 25.3 57 57.9 41.4 72.2 52.1 54.9 66.7 6.5 52
InstructBLIP 27 61.5 33.3 77.7 69.7 68.7 50.6 66 49 55.9
GLM-4V-9B 24.9 59.2 27.9 81.9 66.7 67.7 48.1 72.5 53.5 56.5

Sa
fe

G
ua

rd

Llama Guard 0 13.2 23.5 44.6 34 11.5 6.8 25 0 22.7
QwenGuard-7B 26.3 50 59.6 51.2 74.2 25.2 23 12.2 3.7 43.6
ShieldGemma2 24.1 57.5 15 72.9 43.9 53.2 45.2 61.3 48.4 47.3
Ours (SFT) 33.8 67 45.4 87 74.8 72.9 61.5 76.5 53.1 67
Ours (Full) 50.6 70.5 55.2 89 79 62 66.7 74.9 63.3 72.2

be universally flagged as harmful under most policies, but un-
der L1, it is considered “Safe” because the platform does not
moderate subjective or offensive content unless it explicitly
incites violence or harassment. These examples underscore
a fundamental principle of SafeEditBench: there is no uni-
versal definition of safety.

3.3. Binary Classification Evaluation
Each test instance comprises an input image, a textual policy
description, and a ground-truth safe/unsafe label from human
annotators. Following UnsafeBench [17], we use F1-score
for binary classification under each policy, except for Policy
L1 where all images are safe and accuracy is used instead.
The final metric is the macro-averaged F1-score across all
five policy settings.

4. Experimental Results

4.1. Main Results
We evaluate our model on three safety-focused benchmarks.
All benchmarks evaluate only binary safe/unsafe classifica-
tion, without fine-grained categorization of harmful content.

Results on UnsafeBench UnsafeBench covers 9 cate-
gories of harmful content. Since it lacks explicit policy
guidelines, we incorporate OpenAI content policy2 as a
prompt during inference. As shown in Tab. 2, SafeGuard-VL-
Full achieves the highest overall score of 72.2, substantially
outperforming both general-purpose VLMs (e.g., Qwen2.5-
VL-7B: 41.7) and the safety-specialized QwenGuard-7B,
with particularly strong gains in Hate, Sexual, and Spam
categories.

2https://labs.openai.com/policies/content-policy

Table 3. Policy adaptability analysis on our challenging SafeEd-
itBench. The model is trained at a single policy level (L1-L5) and
evaluated at all five levels. Training on extreme policies (e.g., L1
or L5) results in a significant performance drop on other policies,
revealing a key limitation: current safety guardrail methods lack
basic cross-policy generalization ability.

Policy Level L1 L2 L3 L4 L5

Qwen2.5-7B 47.46 20.59 37.36 70.87 70.34

SFT on L1 100 0 0 0 0
RL on L1 50 20.59 35 70.97 65.69

SFT on L4 62.71 14.55 41.03 73.68 58.41
RL on L4 43.22 19.18 38.64 75.2 73.61

SFT on L5 40.68 19.18 40.96 73.02 84.35
RL on L5 42.37 18.42 37.78 71.64 72.85

Policy Levels: L1 (most permissive) - L5 (most restrictive). L1: All images
are safe; L5: Only minimal/non-controversial content is safe.

Results on SafeEditBench To evaluate the adaptability
of safety guardrail models across different policy regimes,
we conduct controlled experiments on our SafeEditBench.
We train models using both SFT and RL under each of five
policy levels (L1–L5) and evaluate each across all policies.
As shown in Tab. 3, models trained on extreme policies fail
to generalize: an SFT model trained on L1 degenerates into
an “always-safe” classifier (0% on all other policies), while
training on L5 yields severe accuracy drops on L1 and L2.
Although RL alleviates overfitting, models remain highly
policy-dependent. These findings expose a fundamental
limitation: existing guardrail approaches cannot gener-
alize across policy boundaries.

Results on LlavaGuardBench We follow the original
LlavaGuardBench evaluation process to ensure fair compari-
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Table 4. Performance comparison across safety and general VQA benchmarks. QwenGuard-7B achieves high scores on its own
LlavaGuardBench but suffers significant degradation on other safety (UnsafeBench) and general benchmarks. In contrast, with the
same training data, simply changing to RL training improves performance on both safety and general benchmarks, demonstrating better
generalization and avoiding the drawbacks of over-specialization in existing safety models.

Safety Bench General Bench

Model LlavaGuard Unsafebench SafeEditBench Overall MMMU RealWorldQA BLINK MMT Overall

Qwen2.5-7B 57.08 41.71 48.68 49.16 45 68.5 54.66 59.55 56.92
QwenGuard-7B 84.57 43.56 32.76 53.63 36 57 12.05 38.89 35.98
Ours (RL) 71.78 62.39 45.59 59.92 45.33 68.37 53.6 60.76 57.02

Figure 6. Comparison of safety vs. general capability trade-
off. Left: QwenGuard exhibits a large gap between its proprietary
benchmark (84.6) and other safety/general benchmarks (43.6, 36.0).
Right: Our SafeGuard-VL-RL maintains balanced performance
across safety (71.8, 62.4) and general tasks (57.0), demonstrating
superior safety ability without sacrificing general capacity. The
general score is the average of MMMU, RealWorldQA, BLINK,
and MMT-Bench.

Table 5. Ablation study on the effectiveness of recaption and RL
training. Removing recaption (w/o Recap) leads to a drop in safety
performance, confirming that our carefully designed captions help
the model learn fine-grained harmful patterns. Further applying
RL after SFT yields the best performance on UnsafeBench (+5.2
over SFT-only), validating our two-stage training strategy. General
capability remains stable across variants.

Variant Recap RL Unsafebench General

Qwen2.5-7B – – 41.71 56.92
w/o Recap (SFT) × × 53.22 54.51
Ours (SFT) ✓ × 66.96 53.37
Ours (Full) ✓ ✓ 72.16 53.09

son. Although QwenGuard-7B achieves state-of-the-art per-
formance on its own benchmark (84.57), it suffers from se-
vere over-specialization. As shown in Tab. 4, its performance
drops sharply on other safety benchmarks (UnsafeBench:
43.56) and general QA tasks (e.g., BLINK: 12.05; General
Overall: 35.98). This indicates strong overfitting to the an-
notation style and policy assumptions of its training data,
resulting in limited generalization. In contrast, SafeGuard-
VL-RL, trained on the same data, not only attains strong
performance on LlavaGuardBench (71.78), but also substan-
tially improves results on UnsafeBench (41.71 → 62.39)

Table 6. Performance (F1-score %) on SafeEditBench under
five policy levels. Our method trained on the SafeEdited data
outperforms both general-purpose models and QwenGuard models.

Model Policy L1 Policy L2 Policy L3 Policy L4 Policy L5 Overall

Qwen2-VL-7B 65.25 15.38 24 60.87 44 36.65
GLM-4V-9B 0 14.68 27.54 67.95 73.37 41.16
Qwen2.5-VL-7B 47.46 20.59 37.36 70.87 70.34 48.68

QwenGuard-3B 0 0 1.63 22.39 0 5.19
Llama Guard 100 0 0 42.37 0 22.73
ShieldGemma2 44.92 5.63 14.12 37.29 51.06 27.50
LlavaGuard-0.5B 11.02 9.68 27.94 49.37 49.7 30.52
QwenGuard-7B 16.1 13.56 32.61 66.02 52.34 32.76
LlavaGuard-7B 49.15 16.67 31.82 66.13 64.62 44.16

Ours (RL) 44.07 20.29 35.16 70.4 64.71 45.59
Ours (RL+SafeEditTrain) 54.24 23.08 35.9 72.58 66.17 49.43

while maintaining competitive general capabilities (General
Overall: 57.02). As visualized in Fig. 6, our model exhibits
more balanced performance across all benchmarks. Beyond
accuracy, Fig. 7 further illustrates two qualitative advantages:
context-aware policy interpretation (correctly handling
policy-permitted content that QwenGuard rigidly rejects)
and robust instruction following (adhering to the requested
output format instead of defaulting to a fixed JSON-style
safety response).

4.2. Ablation Studies
We compare four variants in our ablation (see Tab. 5): (1)
the baseline Qwen2.5-VL-7B, (2) SafeGuard-VL-SFT with-
out recaption (w/o Recap), (3) SafeGuard-VL-SFT (Stage-1
only), and (4) SafeGuard-VL-Full (SFT+RL, our complete
pipeline). For the “General” column in Tab. 5, we com-
pute the average result across the following benchmarks:
MMMU [27], MMT-Bench [26], BLINK [7], and Real-
WorldQA [22].

First, removing the recaption step results (Tab. 5) in a per-
formance drop on UnsafeBench (53.22 vs. 66.96 with recap-
tion), which confirms that our carefully curated captions
are essential for teaching the model to recognize subtle,
context-dependent harmful patterns, rather than just obvious
violations. Second, adding RL after SFT further improves by
+5.2, demonstrating that RL can effectively enhance the
model’s policy-specific judgment beyond the general safety
knowledge learned during SFT. This validates our proposed
two-stage training paradigm: first grounding the model in
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Figure 7. Qualitative comparison highlighting two key advantages of SafeGuard-VL-RL over the existing method QwenGuard [9].
(1) Policy-aware safety judgment: Under Policy L2, which explicitly allows historical or educational firearm displays, QwenGuard
incorrectly marks a museum exhibit as unsafe, failing to incorporate policy context. In contrast, SafeGuard-VL-RL correctly interprets the
image within the allowed educational setting and labels it as safe. (2) Robust instruction following: When given a simple multiple-choice
question, QwenGuard ignores the user instruction and outputs a long JSON-style safety rationale. SafeGuard-VL-RL, however, adheres
strictly to the required format and returns only the correct option (“B”), demonstrating reliable reasoning and faithful instruction compliance.

broad safety concepts via SFT, then tuning it to align with
specific policy norms via RL. Importantly, our general ca-
pabilities remain stable across all variants (53.09-56.92),
enhancing safety without sacrificing overall functionality.

We also evaluate both general-purpose models and safety-
specialized models (QwenGuard) on our SafeEditBench.
As shown in Tab. 6, performance varies substantially with
policy severity: models perform well under mid-range,
conventional policies (L3 and L4), yet accuracy drops
sharply under highly counterintuitive policies (e.g., L1
and L5), with several models approaching near-zero per-
formance. This suggests a mismatch between the models’
inherent safety priors and the explicit policy rules they are
asked to follow. We further construct a SafeEdited train-
ing set (“SafeEditTrain”) by applying the same image-edit
procedure used in SafeEditBench to the unsafe images in
the LlavaGuard Training set. When trained on this refined
dataset via RL, our method achieves a higher overall F1-

score compared to training on the original LlavaGuard data.
This improvement highlights that using edited pair data en-
ables the model to learn subtle semantic boundaries defined
by the policy.

5. Conclusion
In this paper, we address a critical deficiency in vision-
language safety: the lack of policy-aware generalization
in existing guardrails. We first introduce SafeEditBench, a
novel cross-policy evaluation benchmark built on semanti-
cally aligned safe-unsafe image pairs. This benchmark re-
veals that current VLMs overfit to training policies and fail to
adapt to new ones. To overcome this, we propose SafeGuard-
VL, an RL-based method that decouples semantic under-
standing from safety recognition. Our method achieves su-
perior cross-policy generalization while preserving general
multimodal capabilities.
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