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Abstract

Despite emerging efforts to enhance the safety
of Vision-Language Models (VLMs), prior
methods rely primarily on data-centric tuning,
with limited architectural enhancements to in-
trinsically strengthen safety. To bridge this gap,
we propose a novel modular framework for
enhancing VLM safety with a Visual Guard
Module (VGM), designed to assess the harm-
fulness of input images. This module endows
VLMs with dual functionality: they not only
learn to generate safer responses but can also
provide an interpretable classification of harm-
fulness to justify their refusal decisions. A sig-
nificant advantage of this approach is its mod-
ularity; the VGM is designed as a plug-and-
play component, allowing for seamless integra-
tion with diverse pre-trained VLMs across vari-
ous scales. Extensive experiments demonstrate
that our SafeLLaVA outperforms state-of-the-
art data-centric methods across multiple VLM
safety benchmarks. Crucially, our architectural
approach consistently outperforms both data-
centric baselines and standalone guard models
while strictly preserving conversational helpful-
ness, providing a robust and integrated solution
for multimodal safety.

WARNING: This paper contains harmful content.

1 Introduction

Recent advancements in vision-language models
(VLMs), such as LLaVA (Liu et al., 2023, 2024a),
highlight the growing demand for unified mul-
timodal systems. Alongside their capabilities,
however, a surge of research (Gong et al., 2023;
Liu et al., 2024b; Hu et al., 2024; Wang et al.,
2024) has exposed critical safety vulnerabilities,
where attackers exploit image inputs, text inputs,
or their interplay to inject malicious content. To
date, the predominant defense strategies have been
overwhelmingly data-centric—relying on super-
vised fine-tuning (Zong et al., 2024) or preference-
based alignment (Zhang et al., 2024) using unsafe

image-text datasets. While these efforts attempt to
align VLMs with safety requirements, they funda-
mentally lack architectural enhancements. Conse-
quently, these strictly data-centric models struggle
to intrinsically isolate harmful visual features, re-
maining particularly vulnerable when benign text
is paired with unsafe images (the U;St scenario).
Alternatively, standalone guard models (Chi et al.,
2024; Zeng et al., 2025; Meta Al, 2025; Helff et al.,
2024) exist, but they operate disjointly and are not
integrated into the conversational agent itself.

To bridge this gap and move beyond purely data-
driven alignments, we propose an architectural in-
tervention: a novel modular framework centered on
a Visual Guard Module (VGM). Unlike external fil-
ters, the VGM is a lightweight classifier seamlessly
integrated into the VLM pipeline. As depicted in
Fig. 1, it operates on the final-layer visual tokens
processed and contextualized by the vision encoder
and LLM, pooling them into a single global vec-
tor to explicitly classify the image’s harmfulness.
This approach yields a critical dual functionality,
enabling our proposed Safe-VLM series to simul-
taneously act as a helpful conversational agent and
an active safety guard.

Through extensive experiments, we validate
the effectiveness and robustness of our approach
across three key dimensions. First, evaluated
on five prominent VLM safety benchmarks, our
SafeLLaVA consistently outperforms existing
data-centric baselines. Second, we demonstrate
the architectural generalizability and scalability
of the VGM. By seamlessly integrating it into
diverse model families and scales—yielding the
Safe-VLM series (SafelLLaVA, SafeGem, and
SafeQwen)—we observe consistent improvements
in safety rates while strictly preserving the un-
derlying models’ helpfulness. Finally, our inte-
grated dual-function architecture exhibits supe-
rior guarding capabilities even when compared to
state-of-the-art specialized standalone guard mod-
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“I'm sorry, | can't assist with that request. The
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Figure 1: Safe-VLM architecture with a visual guard module (VGM) that not only performs safety-aware text
generation but also classifies harmful visual content. The visual tokens are pooled into a global visual token, then

fed to the VGM for harmfulness classification.

els (e.g., ShieldGemma (Zeng et al., 2025), Llama
Guard4 (Meta Al, 2025)). Collectively, these re-
sults underscore that resilient multimodal safety
is further advanced through architectural enhance-
ment beyond isolated filters or purely data-driven
alignments.

2 Visual Guard Module: A Modular
Framework for VLM Safety

Recent safety-alignment methods (e.g., VL-
Guard (Zong et al., 2024), SPA-VL (Zhang et al.,
2024)) primarily focus on safety-tuning data and
training techniques (e.g., SFT (Liu et al., 2023) or
DPO (Rafailov et al., 2023)), often with limited
architectural modifications to better discriminate
harmful visual features. We hypothesize that this
gap arises from insufficient explicit supervision of
these harmful visual features in the vision encoder
during multimodal training. Moreover, existing
guard models for VLMs, such as LLaMA-Guard3-
Vision (Chi et al., 2024), LLaVAGuard (Helff et al.,
2024), and ShieldGemma (Zeng et al., 2025), are
deployed alongside base VLMs to provide safety
guardrails. However, they typically operate as stan-
dalone classifiers that detect harmful content, rather
than as integrated components within a conver-
sational VLM. Motivated by these observations,
we ask: “Can we build an inherently safe VLM
that integrates the role of a visual guard to better
understand harmful visual features?”” To address
this, we propose a novel framework for enhancing
VLM safety by introducing a Visual Guard Mod-
ule (VGM) designed to capture harmful aspects
within input images.

Fig. 1 illustrates our proposed VLM framework
with the VGM. Our framework integrates a
lightweight MLP, which serves as the VGM,
directly into the VLM’s architecture. Specifically,
visual tokens processed through the vision encoder
and LLM are pooled into a single global visual to-
ken (depicted as red boxes in Fig. 1), which is then

fed into the VGM to classify the harmfulness of
the input image. More advanced architectures (e.g.,
Transformer (Vaswani et al., 2017)) could also be
explored for the VGM. We leave the investigation
of potentially more effective architectural designs
to future research.

VLMs equipped with the VGM are safety-tuned
for a dual functionality: (i) accurately classifying
the harmfulness of the input image and (ii) generat-
ing safe responses with proper justifications. This
integrated design, where the model serves as both
a chat agent and a classifier, alleviates the need for
a separate guard model, thereby improving real-
world efficiency.

Moreover, the framework enhances interpretabil-
ity: the model can simultaneously refuse an unsafe
request and explicitly output the predicted harmful-
ness category with its probability. In Fig. 1, for ex-
ample, a VLM with the VGM demonstrates this by
recognizing an image depicting theft, classifying
the content as Property crimes with the probability
of 91.9%, and rejecting the risky input combination
with a refusal response. This unified architecture
thus moves beyond standalone guard models by
not only detecting harmful visual content but also
generating safety-aware responses, combining ar-
chitectural enhancement with data-driven safety.

A further significant advantage of our approach
is its modularity and generality. The VGM
is designed as a plug-in component, allowing
for seamless integration with diverse pre-trained
VLMs (e.g., LLaVA-vl.5 (Liu et al.,, 2024a),
Gemma3-IT (Team et al., 2025), and Qwen2.5-
VL (Bai et al., 2025)) across various model
scales. To demonstrate this versatility, we imple-
ment the Safe-VLM series, including SafeL.LaVA-
7B/13B, SafeGem'-12B/27B, and SafeQwen2.5-
VL-7B/32B.

'We name our ‘SafeGem’ instead of ‘SafeGemma3’ to
comply with Google’s Gemma Terms of Use, abbreviating
‘Gemma’ to ‘Gem’.



Table 1: Comparison with safety-tuned VLMs on VLM Safety Benchmarks. Note that all models are based on

LLaVA-v1.5.

VLSBench (Hu et al., 2024) MM-SafetyBench (Liu et al., 2024b) HarmEval (Zhang et al., 2024) SIUO (Wang et al., 2024) HoliSafe (Lee et al., 2025)

Models Refuse © Warnt Safety t SD| Typol SD+Typol Avg.l Unsafe | Safe 1 mASR| RR|
LLaVA-v1.5-7B (Liu et al.. 2024a) 0.0 6.6 6.6 538 533 73.5 60.2 14.2 21.6 95.9 0.0
SPA-VL-DPO-7B (Zhang et al., 2024) 2.6 244 27.0 314 283 35.6 31.7 0 43.7 63.7 0.6
VLGuard-7B (Zong et al., 2024) 2.3 18.9 21.3 115 79 11.1 10.2 18.1 43.1 522 0.3
SafeLLaVA-7B (Ours) 27.2 42.6 698 64 77 9.0 7.7 0 60.5 154 0.3

Table 2: The effectiveness of VGM in LLaVA-7B on
HoliSafe. mASR and RR denote mean Attack Success
Rate and Refusal Rate.

LLaVA-7B mASR| RR| Latency

w/o VGM 18.4 0.4 79 ms
w/ VGM 154 0.3 81 ms

3 Experiments

3.1 Experimental setups

Implementation Details. For fair comparisons
with safety-tuned methods, e.g., VLGuard (Zong
et al., 2024) and SPA-VL (Zhang et al., 2024), we
use the same VLM base model, LLaVA-v1.5 (Liu
et al., 2024a), to implement our SafelLLaVA. For
SafeGem and SafeQwen2.5-VL series, we use
their baseline pre-trained models such as Gemma3-
IT (Team et al., 2025) and Qwen2.5-VL (Bai et al.,
2025). To minimize the overhead in VLM, we use
a simple multi-layer perceptron (MLP) with two
linear layers and GELU (Hendrycks and Gimpel,
2016) activation function for the proposed visual
guard module, VGM. During safety fine-tuning on
HoliSafe (Lee et al., 2025) dataset, which includes
both image-text instruction pairs and corresponding
image safety labels, we train our Safe-VLM mod-
els with VGM under two objectives: a safety clas-
sification objective for VGM using classification
loss and an instruction following objective as in
LLaVA (Liu et al., 2023) for the entire VLM (vision
encoder, visual projection, and LoRA for LLM) us-
ing next token prediction on image-text pairs.

3.2 Effectiveness on VGM

We isolate the intrinsic contribution of the pro-
posed Visual Guard Module (VGM) by compar-
ing SafeLLaVA-7B with a VGM-ablated baseline
(Tab. 2). Results show the VGM further reduces
mASR and RR while introducing negligible la-
tency (+2ms). Qualitatively, Grad-CAM (Selvaraju
et al., 2017) visualizations (Fig. 2) confirm that the
module accurately localizes safety-relevant content.
Heatmaps display strong, high-confidence (96.4-
99.9%) activations directly on critical objects (e.g.,

injuries, pills) rather than spurious background con-
text. These findings demonstrate that the VGM
provides an interpretable diagnostic anchor that ac-
tively steers the model’s refusal generation, going
beyond a simple passive auxiliary head.

3.3 Comparison to safety-tuned models

To compare safety-tuned VLM methods such as
VLGuard (Zong et al., 2024) and SPA-VL (Zhang
et al., 2024), which use the LLaVA-v1.5 (Liu et al.,
2024a) architecture, we evaluate SafeLLLaVA-7B
against them. As shown in Tab. 1, SafeLLaVA con-
sistently outperforms its counterparts on all bench-
marks. In particular, on more challenging tasks
such as VLSBench and SIUO, our SafelLLaVA
achieves notably better performance. We attribute
this robust performance to the visual grounding
provided by the VGM. While purely data-centric
methods can sometimes face challenges in disen-
tangling complex multimodal interactions, our ar-
chitectural enhancement helps to isolate harmful
visual features, thereby reducing the likelihood of
the language model backbone being misled.

3.4 Analysis of Safety and Utility Trade-Off

To ensure that safety gains do not compromise core
utility (i.e., reduced helpfulness or over-refusal),
we evaluate this safety-utility trade-off by compar-
ing our Safe-VLM series against their baselines
in Fig. 3, where safety rate is one minus mASR in
HoliSafe-Bench (Lee et al., 2025) and Helpfulness
is measured by averaging four general capability
VLM benchmarks. The results demonstrate a dra-
matic improvement in safety across all models and
scales; our Safe-VLM series consistently achieves
a safety rate exceeding 91%, a substantial leap
from the baselines’ 21-48% range. Critically, this
significant safety enhancement is achieved with a
minimal impact on utility, as Helpfulness scores
decrease by a negligible 0-1.2 percentage points.
This outcome validates that our approach effec-
tively enhances VLM safety without sacrificing
core instruction-following capabilities, thus achiev-
ing a highly favorable safety-utility balance.
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Figure 3: Safety-Utility Tradeoff. Helpfulness is mea-
sured by averaging general capability VLM benchmarks
with benign inputs.

3.5 Comparison to Vision Guard Models.

While our primary evaluation focused on gen-
eration tasks, we also benchmark our Safe-
VLM models with Visual Guard Module (VGM),
e.g., SafeLLaVA-7B, in a dedicated safety-
classification setting against pure guard mod-
els (Chi et al., 2024; Meta Al, 2025; Zeng et al.,
2025; Helff et al., 2024). To ensure fair compari-
son across these guard models despite their varied
safety taxonomies, we map all relevant categories
to the minimal three-category taxonomy of Shield-
Gemma?2 (Zeng et al., 2025) (e.g., sexually explicit,
dangerous, violent content). We report accuracy,
F1-score, Precision, and Recall in Tab. 3. Our Safe-
VLM models consistently outperform all special-
ized classifiers. On the contrary, LLaMA-Guard-3-
11B-Vision (Chi et al., 2024) and LLaMA-Guard-
4-12B (Meta Al, 2025) exhibit significantly lower
accuracy on unsafe inputs, consistent with obser-
vations in prior works (Hu et al., 2024; Helff et al.,
2024). Furthermore, SafeLLLaVA-7B achieves a
robust 89.0% classification accuracy on the full
HoliSafe-Bench dataset using its native safety cat-

"drug-related hazards”
ul 96.4%

Figure 2: Grad-CAM visualization of the output of VGM in SafeL.LaVA-7B.

"obscene gestures
ul 99.9%

Table 3: Comparison to Guard models on HoliSafe.

Model F1 Precision  Recall
Llama-Guard-4-12B (Meta Al, 2025) 7.6 3.3 4.3
Llama-Guard-3-11B-Vision (Chi et al., 2024)  17.4 27.6 30.3
LLaVAGuard-7B (Helff et al., 2024) 50.0 65.6 90.4
ShieldGemma2-4B-IT (Zeng et al., 2025) 733 48.2 64.5
SafeLLaVA-7B (Ours) 79.3 86.8 93.7
SafeLLaVA-13B (Ours) 88.8 95.1 83.3
SafeGem-12B (Ours) 79.3 86.7 93.4
SafeGem-27B (Ours) 86.4 924 81.6
SafeQwen2.5-VL-7B (Ours) 90.0 95.8 85.0
SafeQwen2.5-VL-32B (Ours) 91.8 94.5 89.3

egories. Thus, Safe-VLM with VGM excels in
guard-style classification accuracy as well as crit-
ically maintains its robust instruction-following
VLM capabilities. This unique duality allows it
to both generate safe responses and provide ex-
plicit input safety classifications, offering vital in-
terpretability and effectively bridging the gap
between pure safety classifiers and safe vision-
language instruction models.

4 Conclusion

In this work, we have introduced a novel mod-
ular framework featuring a Visual Guard Mod-
ule (VGM). Our versatile framework allows the
lightweight VGM to be seamlessly integrated into
any VLM, endowing it with a dual functional-
ity: the ability to simultaneously perform as an
instruction-following assistant and an interpretable
safety classifier. Promising future directions in-
clude exploring more advanced architectures (e.g.,
Transformer) for the VGM and evolving it from a
simple interpretable classifier into a proactive con-

troller that actively steers the generative process.
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