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Abstract
This paper introduces LlavaGuard, a suite of
VLM-based vision safeguards that address
the critical need for reliable guardrails in the
era of large-scale data and models. To this
end, we establish a novel open framework,
describing a customizable safety taxonomy,
data preprocessing, augmentation, and training
setup. For teaching a VLM safeguard on safety,
we further create a multimodal safety dataset
with high-quality human expert annotations,
where each image is labeled with a safety rating,
category, and rationale. We also employ ad-
vanced augmentations to support context-specific
assessments. The resulting LlavaGuard models,
ranging from 0.5B to 7B, serve as a versatile
tool for evaluating the safety compliance of
visual content against flexible policies. In
comprehensive experiments, LlavaGuard out-
performs both state-of-the-art safeguards and
VLMs in accuracy and in flexibly handling
different policies. Additionally, we demonstrate
LlavaGuard’s performance in two real-world
applications: large-scale dataset annotation and
moderation of text-to-image models. We make
our entire framework, including the dataset,
model weights, and training code, publicly
available at https://ml-research.github.
io/human-centered-genai/projects/
llavaguard.

Warning: This paper contains explicit imagery and other
content that readers may find disturbing.

1. Introduction
Recently, large generative AI models, such as vision lan-
guage models (VLM), have demonstrated notable capabil-
ities in producing remarkable text and images. A key fac-
tor driving their performance is the extensive amount of
web-scraped data used during training. However, the sheer
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Figure 1: LlavaGuard judges images for safety compliance
to a policy, providing a safety rating, category, and rationale.

scale of these datasets, which are impractical to monitor
comprehensively, inevitably includes unsafe and biased con-
tent, leading to pressing safety concerns and ethical con-
siderations (Bender et al., 2021; Thiel, 2023; Cho et al.,
2023). Consequently, models like text-to-image models
(T2I), trained on such large-scale datasets, will output un-
safe (Schramowski et al., 2023) and biased (Bianchi et al.,
2023; Friedrich et al., 2024a;b) images, highlighting the
urgent need for effective safeguards.

Furthermore, emerging legal frameworks for AI, such as
those in the EU (EU, 2023), US (US, 2023), and UK (UK,
2023), are pushing for advanced generative models to com-
ply with new regulations. This has led to the proposal
of various safety approaches and taxonomies to systemat-
ically assess and mitigate the risks associated with large-
scale data and models (Inan et al., 2023; Wang et al., 2023;
Schramowski et al., 2023; Tedeschi et al., 2024). How-
ever, prior safety research focuses primarily on the text
domain, leaving a distinct lack of frameworks for the vi-
sual modality. Moreover, there is a dearth of datasets and
pipelines necessary for building advanced safeguards. Con-
sequently, users largely have to rely on rigid NSFW classifi-
cations (Qu et al., 2024; Birhane & Prabhu, 2021; Birhane
et al., 2023; Schramowski et al., 2022; NotAI-tech, 2019;
Laborde, 2020), which lack the context-awareness and flexi-
bility needed for more nuanced, fine-grained analysis.

We bridge this gap by introducing LlavaGuard (Fig. 1), a
versatile framework for assessing potentially unsafe image
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content. LlavaGuard combines visual and textual inputs,
allowing for the assessment of arbitrary safety policies to
meet diverse requirements. To this end, we enhance the
general capabilities of VLMs in two key ways. Firstly,
building on their inherent common-sense understanding,
LlavaGuard is trained with an in-depth and adaptive under-
standing of safety. This safety-speci�c training enables it
to provide detailed responses that include an overall safety
rating (safe/unsafe), a speci�c safety category (e.g.hate
or sexual content), and a rationale that explainswhy the
content is deemed unsafe according to the given policy.
Secondly, with an advanced training setup, LlavaGuard is
equipped with the ability to �exibly handle a broad spectrum
of policies. Given the variability in regulations—such as
cannabis being illegal in some countries but legal in others—
LlavaGuard can be easily adjusted to both contexts.

In summary, our contributions are as follows:(1) We estab-
lish an open framework for vision safeguards, encompassing
a safety taxonomy, data preprocessing, augmentation, and
training setup.(2) We construct a multimodal safety dataset
with human annotations, including images labeled with a
safety rating, category, and rationale (Sec. 4).(3) Based on
the previous, we launch LlavaGuard, a suite of vision safe-
guards based on VLMs, trained to assess visual content for
safety (Sec. 5).(4) We conduct comprehensive experiments
demonstrating that LlavaGuard outperforms state-of-the-art
VLMs and state-of-the-art safeguards, excelling not only
in accuracy but also in �exibly handling different policies
(Sec. 6).(5) Finally, we validate LlavaGuard's performance
on two real-world applications: dataset annotation and mod-
eration of generative models (Sec. 7).

2. Background

Several studies highlighted the risks and ethical considera-
tions of large-scale models (Bender et al., 2021; Weidinger
et al., 2021; Bommasani et al., 2021; Hendrycks et al., 2023;
Lin et al., 2023; O'Neill & Connor, 2023; Hosseini et al.,
2023). For instance, recent works described that T2I models
produce biased (Friedrich et al., 2024a; Bianchi et al., 2023;
Friedrich et al., 2024b) and unsafe (Schramowski et al.,
2023; Brack et al., 2023a) content, posing ethical concerns
for their real-world applications.

Safety Audits. Gebru et al. (2021) initiated the effort
of systematically reporting visual content by advocating
for meticulous documentation of datasets to promote their
ethical use. Initial approaches are centered around clas-
si�cation tools, where common ones are convolutional
(NotAI-tech, 2019; Karkkainen & Joo, 2021) and CLIP-
based (Schramowski et al., 2022; Nichol et al., 2022) classi-
�ers or human annotations (Birhane et al., 2021). In particu-
lar, NudeNet (NotAI-tech, 2019), NSFW-Nets (Falconsai,

2024; Sanali209, 2024) and Birhane & Prabhu (2021) focus
on NSFW, FairFace (Karkkainen & Joo, 2021) on fairness,
Q16 (Schramowski et al., 2022) on in/appropriatness, and
Nichol et al. (2022) on privacy and violence.

Based on these tools and efforts, common large-scale
datasets such as LAION (Schuhmann et al., 2022) or Im-
ageNet (Deng et al., 2009) have undergone careful cura-
tion from different perspectives (Qu et al., 2024; Birhane
& Prabhu, 2021; Birhane et al., 2023; Schramowski et al.,
2022; Schuhmann et al., 2022). The resulting (unsafe) sub-
sets serve a dual purpose. First, they are crucial in excluding
content that could compromise safety during model training,
ensuring asafertraining environment. Second, these subsets
provide valuable resources for conducting safety-oriented
research. Furthermore, with the rise of models generating
images, prompt testbeds such as I2P (Schramowski et al.,
2023) or MAGBIG (Friedrich et al., 2024b) have been pro-
posed for safety audits, moving beyond real images.

However, the scope of these audits and auditing tools is lim-
ited by the capabilities of their underlying models, which
lack the versatility and advanced common-sense understand-
ing provided by large-scale, pre-trained VLMs. This ca-
pability is essential for effectively handling both real and
synthetic images across a broad range of domains. In con-
trast, LlavaGuard is built on such VLMs, which are not
restricted to a �xed set of safety dimensions and can be
easily adapted to accommodate a variety of policies.

Generative AI Risk Assessment and Mitigation. In the
context of generative models, most existing studies focus on
the textual modality. Endeavors to systematically categorize
safety risks have spurred the creation of safety taxonomies
(Inan et al., 2023; Wang et al., 2023; Tedeschi et al., 2024),
which provide a structured framework for assessing and mit-
igating risks. In particular, Inan et al. (2023) proposed a tax-
onomy enabling the LlamaGuard model to classify harmful
prompts and responses into six categories. Similarly, Wang
et al. (2023) proposed an 8-category taxonomy to evaluate
LLMs based on different safety and trustworthiness perspec-
tives, including robustness to adversarial attacks. These
taxonomies constitute an initial stride toward systematically
classifying texts' safety into categories, enabling more com-
prehensive safety evaluations. With the proliferation of new
(AI) policies in numerous countries (EU (2023), UK (2023),
or US (2023)), there is a pressing need for expansive and
adaptable taxonomies across modalities. Recent works like
LlamaGuard2 (Team, 2024b), MLCommons (Vidgen et al.,
2024), and AIR 2024 (Zeng et al., 2024) mark signi�cant
advancements in this direction.

In line with these developments, we establish an open frame-
work for vision safeguards, encompassing a safety taxon-
omy, data preprocessing, augmentation, and training setup.
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Table 1: LlavaGuard's safety taxonomy entailing 9 default
categories and oneNAcategory.

O1: Hate, Humilia-
tion, Harassment

O2: Violence, Harm
or Cruelty

O3: Sexual Content O4: Nudity Content
O5: Criminal
Planning

O6: Weapons or
Substance Abuse

O7: Self-Harm O8: Animal Cruelty
O9: Disasters or
Emergencies

NA: Not Applicable

Concurrent Approaches for Moderating Images.Along
these lines, various approaches have been investigated, lever-
aging advanced models. For instance, leveraging large mul-
timodal models' underlying capabilities and comprehensive
understanding of the real world can be employed for visual
content moderation. While prominent tools such as GPT-4
(OpenAI, 2024a) or Gemini (Team, 2024a) often remain
closed-source, several open-source alternatives including
Llava (Liu et al., 2023a;b), InternVL (Chen et al., 2024) and
QwenVL (Wang et al., 2024) are available. However, these
models lack a safety-speci�c understanding. Therefore, re-
cent studies have �ne-tuned them for content moderation,
including LlamaGuard-3-Vision (Chi et al., 2024), Image-
Guard (Li et al., 2025), and OpenAI's Omni-Moderation
(OpenAI, 2024b). LlamaGuard-3-Vision focuses on safe-
guarding human-AI conversations, which is insuf�cient for
moderating images, as we demonstrate. While OpenAI's
Omni Moderation and ImageGuard are developed for con-
tent moderation, they fail at performing well on the task in
generalandcannot handle policies �exibly. Furthermore,
OpenAI's Omni Moderation is closed-source.

In contrast, LlavaGuard is an open framework that performs
well in moderating visual content while offering the �exibil-
ity to adapt to different policies, making it the �rst robust
tool available for this purpose.

3. LlavaGuard's Safety Taxonomy for Vision

Creating automated safety checks for visual inputs requires
classi�ers to analyze and assess images in real-time. A
well-de�ned safety taxonomy is a foundational component
for building such systems. To this end, we have devel-
oped a �exible taxonomy focused on safety categories and
risk guidelines to identify and address unsafe image con-
tent. This taxonomy serves as a default framework that
enables training on diverse policies and can, in turn, be eas-
ily adapted to various use cases by modifying, including
extending or removing, the safety categories and the risk
guidelines. A detailed overview of our safety taxonomy is
available in App. 3.

3.1. Safety Categories

A key element of our taxonomy is the set of safety cat-
egories outlined in Tab. 1. Distinct from existing safety
taxonomies (Inan et al., 2023; Wang et al., 2023), our tax-
onomy is uniquely designed for the vision domain. It in-
corporates the latest AI regulations (EU, 2023; UK, 2023;
US, 2023) and includes nine safety categories, along with
an additionalNAcategory for content that doesn't pertain to
any safety concerns and is therefore always considered safe
(cf. Tab. 1). To this end, we have expanded upon existing
text-based categories, introducing new distinctions and cate-
gories tailored to the visual domain. For example,Nudity
andSexual Content are more pertinent to visual content,
while Disasters or Emergencies are newly included
for assessing image safety. For future reference, we will use
category shortcuts (e.g., O3 or NA).

3.2. Risk Guidelines

Each safety category is de�ned by a detailed description,
i.e. risk guideline, to elicit an in-depth safety understanding.
These guidelines specify what explicitlyshould not
and whatcan be included. For example, without such a
detailed guideline, the model might ban all forms of nudity,
although it may remain important, e.g., for the educational
and medical domains. Furthermore, this setup can �exibly
adjust the safety policy to varying contexts and settings,
e.g., by moving certain bullet points fromShould not to
Can and vice versa. Further, we may entirely disregard a
certain category by using only one set of guidelines pre-
ceded by a statement like`Category O6 is declared
as non-violating. Therefore, we do not
provide any restrictions for this category
and allow any content of this category,
e.g. ...' . By providing explicit instructions outlining
what is permitted and what is not, we achieve greater
control over how the model adheres to a given safety policy
in its evaluation.

4. Dataset Creation

To build high-quality datasets, we begin by collecting data
and conducting human annotations based on the established
safety risk taxonomy. Next, we implement a pipeline that
integrates both policy augmentation and guided genera-
tion techniques. Policy-based data augmentation facilitates
context-aware safety training for the VLMs, while guided
generation enhances the models' reasoning capabilities.

4.1. Data Collection

We used the Socio-Moral Image Database (SMID) (Crone
et al., 2018) as the foundation of our safety data collection.
The SMID dataset is a human-created set of images anno-
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Table 2: Guided vs. non-guided rationales, judged by GPT-
4o on a scale from 1 to 10. Top: Comparison of guided and
base rationales for Llava-34B. Bottom: Guided rationale
quality across model scales. Guided rationales are markedly
superior, with Llava-34B performing best overall.

Model Type Mean Median Win (%)

Guided vs. Base

Llava-34B Base 3.8 3.0 0.1
Llava-34B Guided 9.1 9.0 99.9

Rationale Quality Across Model Sizes

Llava-7B Guided 7.0 6.8 6.6
Llava-13B Guided 7.0 6.7 9.6
Llava-34B Guided 9.0 8.4 83.9

tated on various safety dimensions. While this dataset serves
as a solid basis, it suffers from a large imbalance in the num-
ber of images per safety category. Speci�cally, most SMID
images depictviolence or hate while there are nearly
none depicting sexual content and only a fewself-harm
or animal cruelty . To achieve a better balance among
the categories, we extended the dataset with web-crawled
images. To this end, we web-scraped images from Google
and Bing Search, collecting enough images to ensure each
category contains at least 100 images of different safety
severity levels.

Human Annotation. Next, we annotated all images ac-
cording to our safety risk taxonomy, labeling each image
with a safety category and respective rating. In general,
two ratings (un/safe) suf�ce for safety documentation. For
more nuanced ablations and evaluation, we additionally sub-
divide these two ratings:unsafeinto Highly Unsafeand
Moderately Unsafeandsafeinto Barely SafeandGenerally
Safe(more details at App. Fig. 10). Images with extreme
safety ratings (Highly UnsafeandGenerally Safe) will usu-
ally have a more signi�cant negative impact if misclassi�ed.
Hence, our additional rating subdivision for these instances
facilitates more careful consideration of impact.

4.2. Data Augmentation

A universal safeguard should be able to adapt its assessment
to varying safety taxonomies. To promote this behavior,
we implement two data augmentation techniques. First,
we introduce additional samples with a modi�ed policy
prompt. Speci�cally, we pick samples initially rated as
unsafeand declare the violated category as non-violating,
thus �ipping the respective safety rating fromunsafeto
safe. These modi�ed samples are subsequently referred to
aspolicy exceptions. Second, we add further samples where
we declare up to 3 random safety categories as non-violating.
These categories are selected so that the violated category
remains untouched.

4.3. Guided Rationales

While ratings and categories are essential annotations for
image safety, they offer only limited insight into the image
content and the underlying rationale for safety assessments.
To bridge this gap, we introduce rationales that clearly ex-
plain why an image is rated as safe or unsafe. Providing
rationales comes with two decisive bene�ts: (1) They im-
prove transparency by showing users the basis for each
assessment, clarifying how speci�c image features relate to
the assigned safety label. (2) They enable VLMs to learn the
correct reasoning behind safety assessments and enhance
the models' interpretability. Accordingly, when rationales
are used for training, their quality is of particular impor-
tance since high-quality rationales allow the VLMs to learn
a more nuanced safety understanding. Unfortunately, col-
lecting such detailed rationales is very dif�cult. Human
annotation is time-consuming and prevents the dataset from
being easily expanded. On the other side, naïve generation
(based on policy and image) often yields incoherent ratio-
nales that fail to capture policy-speci�c nuances or even
disregard the policy entirely (cf. App. Fig. 7a).

To address this, we use "guided rationales," which are syn-
thetically generated yet explicitly steered by the intended
reasoning process. We use conditioned prompts and in-
tegrate prior knowledge about safety ratings, categories,
policy exception categories, and risk guidelines (see App.
Sec. G for details and examples). It ensures that the result-
ing rationales more closely follow the policy and emphasize
safety-relevant details in the image.

To validate the quality of the guided rationales, we evalu-
ate all dataset rationales using GPT-4o, which scored them
for comprehensiveness, accuracy, and adherence to policy
guidelines. Table 2 presents the comparative results compar-
ing guided vs. non-guided rationales as well as rationales
generated from different Llava model scales. Guided ra-
tionales generated with Llava-34B achieve a substantially
higher mean quality score (9.1) and median score (9.0) than
their non-guided counterparts (mean 3.8, median 3.0), with
a win rate of 99.9%. Moreover, when benchmarking across
model scales, Llava-34B demonstrates the highest over-
all performance (win rate 83.9%, mean 9.0, median 8.4),
greatly surpassing Llava-13B and Llava-7B in both quality
and consistency. Furthermore, App. Fig. 7 indicates that
the improved quality of guided rationales during training
effectively translates to high-quality rationales post-training.

4.4. Dataset Construction

Finally, we constructed a dataset comprising 5,466 unique
(3,242safeand 2,224unsafe) samples, each annotated with
a safety rating, category, and guided rationale. 3,242 sam-
ples are based on the default policy, while the remainder use
augmented policies. The dataset is split into 4571 (train), 71
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Figure 2: LlavaGuard provides safety reviews, including category, rationale, and rating. On the left, it assesses an SMID
image from the test set under two policies. LlavaGuard demonstrates strong policy-following abilities by adapting to policy
changes. The right shows evaluations for SMID (Crone et al., 2018), X.com, and COCO (Lin et al., 2014b) images.

(eval), and 824 (test). The test set is balanced across safety
categories and ratings. App. I provides additional insights
into the composition of the dataset.

5. LlavaGuard Model Suite

To elicit an understanding of safety risks according to a
policy, we developed LlavaGuard by leveraging the founda-
tional capabilities of pre-trained VLMs. To evaluate base
models for safeguarding, we develop a prompt-response
setup. Lastly, we show how to train LlavaGuard.

5.1. Prompt-Response Setup

Next to our safety taxonomy, which serves as the default
policy prompt (for details, see App. A), a reliably structured
output that can be parsed automatically is essential for eval-
uating visual content at scale. Thus, we task the VLM to
assess a given input image against the de�ned policy by
generating a JSON-formatted assessment comprising the
following three �elds (cf. Fig. 2). First, the (1)safety
rating indicates the outcome of the assessment, which
can be eitherUnsafeif the image requires further exami-
nation orSafeif it meets the policy standards according to
the taxonomy. The (2)category speci�es the respective
safety category of the taxonomy best describing the image
(see Tab. 1). Lastly, the (3)rationale provides a natural
language description of the image contents with respect to
the policy and selected safety category.

5.2. Policy Responsiveness

To ensure a safeguard's effectiveness across diverse scenar-
ios, it must �exibly adhere to various policies. We assess
this capability using thePolicy Exception Rate(PER), which
measures the percentage of correctly solved policy excep-
tion samples de�ned through data augmentation.

PER=
PEcorrect

PEcorrect+ PEfalse
; where (1)

PEcorrect =
NX

i =1

� (yi ; ŷi ) and PEfalse =
NX

i =1

(1� � (yi ; ŷi ))

In these equations,� (yi ; ŷi ) = 1 if the policy exception
samplei is correctly classi�ed by the model (i.e.,yi = ŷi ),
and� (yi ; ŷi ) = 0 otherwise. Here,N is the total number of
policy exception samples.

To enhance the robustness against unbalanced distributions
of safe and unsafe data, we integrate PER withbalanced ac-
curacy. The combined metric, termed thePolicy Exception
Score(PES), is de�ned as the harmonic mean of PER and
balanced accuracy and measures the overall performance
of the safeguard in adhering to policies while maintaining
reliability in safety classi�cation.

PES=
2 � PER� Acc

PER+ Acc
(2)
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5.3. LlavaGuard Training

Detailed descriptions of the employed hyperparameters and
model tuning procedures are provided in App. B. In our
experiments, we introduce two versions of LlavaGuard with
model sizes of 0.5B and 7B parameters, both of which
are based on the corresponding Llava-OneVision architec-
tures(Li et al., 2024b). In addition, we present two Qwen-
Guard variants—comprising 3B and 7B parameters—built
upon the Qwen2.5-VL models (Wang et al., 2024; Bai et al.,
2023) of matching scale.

Inference speed. Speed is a crucial factor when annotat-
ing images at scale. The 0.5B model is 347% faster than
the 7B model, with an inference time of 0.075s/sample as
measured on a single A100 GPU. This speed advantage
becomes even more pronounced as GPU memory increases.

6. Experimental Evaluation

We begin with a comprehensive evaluation of LlavaGuard.
First, we present qualitative examples to illustrate poten-
tial use cases and to assess the quality of LlavaGuard's
safety evaluations. Next, we analyze the limitations and
inferior performance of state-of-the-art (SOTA) safeguards
and VLMs compared to LlavaGuard. Finally, we demon-
strate one of LlavaGuard's practical applications in the sub-
sequent section, highlighting its effectiveness and versatility
in real-world scenarios.

6.1. Qualitative Results

Fig. 2 presents qualitative examples from the Llava-
Guard test set. LlavaGuard's assessments include safety
rating, category, and rationale. Our model not only assigns
accurate ratings and categories but also demonstrates trans-
parent policy-following capabilities within the rationales.
Speci�cally, LlavaGuard utilizes the de�ned policies to as-
sess images, clearly explaining how and why each image
complies with or violates the risk guidelines. Furthermore,
when the safety policy is modi�ed, LlavaGuard appropri-
ately adjusts its assessments—changing the safety rating
from unsafeto safe—and provides solid justi�cations for
these changes in the rationale. In App. Fig. 7, we extend
our qualitative evaluation by comparing the assessments of
LlavaGuard and corresponding Llava base model using ad-
ditional images from our test set. We observe that while the
base model effectively identi�es the content of the images,
it fails to adhere to the safety policy. In fact, the policy
appears to have no major impact on the base model's evalu-
ations; it does not account for the policy guidelines within
its rationale, nor is it able to adjust its assessment when
the policy is modi�ed. In contrast, LlavaGuard provides
consistent assessments across these examples and continues
to demonstrate strong policy-following capabilities, provid-

Table 3: Performance comparison of LlavaGuard and al-
ternative vision-safeguards (including VLM baselines and
SOTA moderation tools) on the held-out test set. We report
balanced accuracy, recall, precision, and policy exception
score (PES). LlavaGuard substantially outperforms both
open-source and proprietary baselines. Best values are bold,
while runner-up is underlined; higher is better; in [%].

Models OpenAccuracy Recall Precision PES

G
en

er
al

-P
ur

po
se

V
LM

s Llava-OV-0.5B 3 52.00 4.23 90.00 68.07
Llava-OV-7B 3 60.81 29.17 75.00 66.03
InternVL2.5-1B 3 50.60 88.06 44.03 11.78
InternVL2.5-8B 3 61.27 31.28 73.68 65.34
InternVL2.5-78B 3 66.92 46.11 74.44 66.79
Qwen2.5-VL-3B 3 68.09 79.72 58.69 30.92
Qwen2.5-VL-7B 3 67.58 49.17 73.14 63.56
Qwen2.5-VL-72B 3 70.84 60.00 71.76 60.12
QVQ-72B-Preview 3 62.01 25.54 93.42 74.79
GPT-4o1 7 72.92 55.99 81.05 77.29

S
af

eg
ua

rd
s

LlamaGuard-3-11B 3 50.28 0.56 100.0 66.92
OpenAI-omni-mod. 7 66.92 45.24 47.50 60.23
ImageGuard 3 70.98 83.33 60.98 27.00
Siglip2Guard 3 73.67 75.56 67.49 36.71

QwenGuard-3B 3 88.72 87.78 86.81 84.74
QwenGuard-7B 3 89.71 88.89 87.91 84.57
LlavaGuard-0.5B 3 88.70 86.67 87.89 87.10O

ur
s

LlavaGuard-7B 3 90.84 91.39 87.97 89.85

ing well-grounded reasoning using the risk guidelines of
the relevant safety category. Additionally, it demonstrates
excellent responsiveness to policy changes.

Overall, our analyses stress distinct features of LlavaGuard:
its open-ended rationale generation, which enhances assess-
ment understanding and transparency, and its commonsense
capability, which facilitates �exible policy adjustments.

6.2. Empirical Results

In Tab. 3, we expand upon previous qualitative �ndings
and compare LlavaGuard's performance on our held-out
test set to its baseline VLMs and state-of-the-art safeguards.
As an additional, lightweight baseline, we report results of
a �netuned Siglip2-large (Tschannen et al., 2025) model
trained on our dataset (Siglip2Guard). First, both Llava-
Guard models consistently outperform their baselines, im-
proving balanced accuracy by more than 30% compared
to Llava-OV (Li et al., 2024c). Furthermore, while multi-
ple other SOTA safeguards demonstrate basic safety under-
standing in images, their overall ability to evaluate safety
is strongly limited. For example, Meta's moderation tool
Llama-Guard-3-11B-Vision (Chi et al., 2024), has an al-
most negligible recall, misclassifying nearly all images as
`safe,' rendering it unreliable for assessing image safety.

1experiments performed withgpt-4o-2024-11-20
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Even more strikingly, despite being explicitly designed for
this task, both ImageGuard (Li et al., 2025) and OpenAI's
omni moderation (OpenAI, 2024b) achieve only around
70% accuracy–signi�cantly underperforming compared to
LlavaGuard. Additionally, LlavaGuard is the only model
that demonstrates the desired ability to discern and reject
unsafe visual content as evidenced by its recall performance
along with high accuracy.

Second, LlavaGuard is able to effectively adjust its safety
assessment to various policies, as evident by the policy ex-
ception score (PES),cf. Eq. 2. Even our smallest model,
LlavaGuard-0.5B, outperforms all other VLMs and safe-
guards. In stark contrast to LlavaGuard, ImageGuard fails
to adapt to different policy speci�cations, as re�ected by
its low PES (cf. Tab. 3). This limitation persists even when
evaluating ImageGuard's default policy (cf. App. Tab. 6).
Overall, ImageGuard shows strong over�tting to one �xed
policy, raising substantial concerns about its practical appli-
cability in real-world, dynamic regulatory environments.

In Fig. 3, we evaluate the performance of LlavaGuard and
selected VLMs and safeguards across individual safety cate-
gories. Consistent with previous �ndings, LlavaGuard main-
tains superior performance across categories. In contrast,
all other models exhibit substantial inconsistencies in their
performance across categories. For example, ImageGuard
demonstrates particularly weak recall in category O1.

(Un)ambiguous Cases.Having established LlavaGuard as
the top-performing model, we now dive deeper into its per-
formance. Speci�cally, we evaluate its performance on edge
cases (ambiguous) near the unsafe/safe boundary, as well
as on unambiguous cases that are clearly distant from this
boundary. While it is expected that the performance im-
proves slightly with more distinct cases, the gap is minimal
(cf. App. Tab. 4), showing that LlavaGuard handles even
edge cases effectively. This observation is essential, demon-
strating that LlavaGuard models have successfully captured
key characteristics of image safety, making them well-suited
for real-world applications, as discussed next.

7. LlavaGuard: Applied Use Cases

Following up on the general performance evaluation, we
now look into two key, real-world use cases of LlavaGuard:
(i) dataset auditing and (ii) safeguarding generative models.

7.1. Dataset Auditing

In the context of dataset auditing (Gebru et al., 2021), Llava-
Guard serves as an annotation tool to identify, document,
and categorize risks associated with the presence of unsafe
and harmful content in large-scale datasets. This helps to
ensure the integrity and safety of data and downstream AI
models (Schramowski et al., 2022; Birhane et al., 2021).

Figure 3: Category-wise analysis of safety performance.
LlavaGuard shows consistent coverage of safety categories
whereas other models exhibit either overall or category-
speci�c limitations.

To demonstrate this application, we start by auditing the
ImageNet (cf. Fig. 4) dataset with LlavaGuard. Further
datasets documentations, namely CC12M (Changpinyo
et al., 2021a), COCO (Lin et al., 2014a) and Stylebreeder
(Zheng et al., 2024), can be found in App. C.

Fig. 4 illustrates that LlavaGuard assigns 105k images out
of 1.3M from ImageNet to one of the 9 safety categories.
Among these, 20k instances (19% of the subset and 1.5% of
the entire ImageNet) violate the safety policy and thus are
rated asunsafe. On the other hand, the vast majority of Ima-
geNet (98.5%) adheres to the safety standards and was rated
assafe. Many images fall under category O6:Weapons or
Substance Abuse which is a result of ImageNet classes
`assault_ri�e', `tank', and `ri�e'. Yet, LlavaGuard clearly
distinguishes between guideline-violating images (only 11k
out of 36k). These �ndings are in line with previous works
(Schramowski et al., 2022; Birhane & Prabhu, 2021), which
have also identi�ed a substantial number of potentially un-
safe images in ImageNet. For example, Schramowski et al.'s
classi�er �agged over 40k unsafe images. However, upon
manual inspection, we found their classi�er to be more con-
servative, failing to differentiate between benign depictions
of weapons and illegal ones.

In Fig. 4b, we present examples of unsafe images from Im-
ageNet. These samples are clearly unsafe and violate the
safety policy. In addition, the assigned safety categories are
well-aligned with the depicted content. These examples un-
derscore a critical challenge with large-scale datasets: while
the general use of these images may be problematic, the
human-assigned labels are often even more questionable.
In more detail, the labels assigned often do not align with
the core content of the image. For instance, the image at
the bottom center is labeled as `bath tub', yet it primarily
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(a) Safety statistics
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Figure 4: Dataset Audit. LlavaGuard applied to ImageNet (1.3M images). In summary, LlavaGuard successfully detects
candidate images and categorizes them as un/safe according to its taxonomy. (a) reports quantitative results encompassing
overall category detections as well as the portion classi�ed as unsafe. The results are also split by category. (b) illustrates
examples of images classi�ed as unsafe, with the safety class shown in red and the ImageNet class shown in blue.

displays explicit nude content (O4). Associations like these
can lead to spurious, harmful correlations in models trained
on this data. These �ndings underline the need for advanced
auditing tools like LlavaGuard in data curation and prepro-
cessing pipelines, especially when handling data at scale
where the full manual annotation is not feasible.

Downstream Performance on Filtered Dataset. To eval-
uate the impact of safety �ltering on downstream visual
recognition, we trained a ResNet-50 model (for 50 epochs,
using AdamW with a learning rate of 0.001) from scratch
on both the original ImageNet dataset and a LlavaGuard-
�ltered version, in which approximately 20,000 images
(� 1% of the data) were removed. The overall classi�cation
performance remained virtually unchanged: top-1 accuracy
was67:2 � 0:5 for un�ltered and67:4 � 0:4 for �ltered
data, while top-5 accuracy was87:2 � 0:6 and87:1 � 0:6,
respectively. Notably, LlavaGuard removed up to 55% of
samples from certain classes, such as “assault ri�e,” “army
tank,” “missile,” and “syringe.” Restricting evaluation to
the ten most heavily �ltered classes, we observed a more
pronounced accuracy drop: top-1 accuracy decreased from
53:6 � 3:5 to 46:9 � 4:8, and top-5 from82:4 � 3:1 to
77:3 � 3:6. These results demonstrate that, when applied
carefully, safety �ltering can be implemented with mini-
mal effect on aggregate downstream performance, although
substantial changes in class distribution may still impact
speci�c categories.

7.2. Model Safeguarding

While dataset auditing can lead to safer models, implement-
ing adequate safeguards during deployment remains crucial.
Consequently, we considered StableDiffusion-v1.5 (SD1.5)
(Rombach et al., 2022), a model known for its susceptibility
to generating unsafe material (Schramowski et al., 2023).

We leverage the distilled inappropriate image prompts (I2P)
benchmark (Brack et al., 2023b) to elicit the generation of
potentially problematic material and subsequently analyze
the generated images with LlavaGuard. These prompts (1.1k
in total) are speci�cally designed to evade classical input
�lters to result in unsafe images. We generated 10 images
for each prompt, resulting in 11k images.

The analysis of these generated images (cf. Fig. 5a) reveals
numerous safety violations (20%). Considering that T2I
models are trained on large-scale datasets containing sub-
stantial amounts of unsafe content, as observed above, they
consequently are able to generate unsafe content across all
categories. Especially in the case of nudity (O3), nearly
all categorized images (around 90%) also violate the safety
policy, indicating the T2I's model inclination to generate
explicit nudity (see left bottom and top right in Fig. 5b).
Further exemplary images are shown in Fig. 5b.

To validate LlavaGuard's assessments, we manually probed
the generated images and largely agreed. Thus, con�rm-
ing observations of previous works (Birhane et al., 2021;
Schramowski et al., 2023; Brack et al., 2023b) that sexually
explicit and nude imagery of women is remarkably easy
to produce with seemingly safe prompts. This behavior
urges more research into safe generative models and the
development of safety guardrails.

7.3. Measuring Human Agreement with LlavaGuard

To extend previous evidence, we asked human users to an-
notate LlavaGuard assessments from a broad array of ap-
plied use cases. The assessments of LlavaGuard are sam-
pled across a diverse range of datasets—including both real
(CC12M (Changpinyo et al., 2021a), COCO (Lin et al.,
2014a), ImageNet (Deng et al., 2009)) and synthetic (I2P-
generated images (Brack et al., 2023b) by StableDiffusion
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(a) Safety statistics
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Figure 5: Safeguarding generative models. LlavaGuard applied to I2P (11k images generated with StableDiffusion-v1.5).
In summary, LlavaGuard successfully detects synthetic candidate images and categorizes them as un/safe according to
its taxonomy. (a) reports quantitative results encompassing overall category detections as well as the portion classi�ed as
unsafe. The results are also split by category. LlavaGuard performs well in the safety assessment of synthetic content. (b)
illustrates examples of images classi�ed as unsafe, with the safety category shown in red.

1.5, Stylebreeder (Zheng et al., 2024)) datasets—, provid-
ing a strong coverage across domains. For further details
and results, see App. J. Annotators reported a high level
of agreement with LlavaGuard, particularly in safety rat-
ings and category classi�cations. Speci�cally, we observed
agreement for 88% of ratings, 87% of category assignments,
and 81% of generated rationales, respectively. The agree-
ment is naturally slightly lower for the more complex ratio-
nales. These results underscore LlavaGuard's effectiveness
in delivering high-quality, human-aligned evaluations across
various applications.

8. Conclusion

We introduced a novel framework for vision safeguards, in-
cluding a safety risk taxonomy for assessing the safety of
images alongside a human-annotated safety dataset labeled
based on this taxonomy. LlavaGuard goes beyond rigid clas-
si�cations and provides assessments that include violated
categories and detailed rationales. Our empirical results
show that LlavaGuard serves as a strong cornerstone for
VLM-based safeguarding vision datasets and models. For
future work, LlavaGuard would generally bene�t from ex-
tending its training and test data, speci�cally with synthetic
content. Another promising area for exploration involves
extending the categories to encompass bias assessment to
promote fairness.

Limitations. During the tuning process of Llava-
Guard models, human supervision was applied solely to
categoryandrating entries, while therationaleswere gen-
erated synthetically. Additionally, the annotation of our
dataset was largely guided by the default policy outlined in
App. A. While we incorporated policy permutations during

training to accommodate diverse policy speci�cations, we
encourage future work to explore annotations that consider
varying policies. The tradeoff between computational cost
and performance is an important consideration, especially
when auditing large-scale datasets and runtime monitor-
ing generative models. To address this, we provide both
smaller (0.5B) and larger (7B) checkpoints to accommodate
varying requirements. We recognize that this work's safety
taxonomy provides foundational coverage of the safety cat-
egories, offering opportunities for further expansion and re-
�nement. As previously mentioned, safety is highly context-
and situation-dependent, which makes a single, universal
de�nition and taxonomy often impractical. Yet, we argue
that, much like in law-making, our taxonomy adopts a rea-
sonable approach by de�ning a set of general safety rules.
Moreover, LlavaGuard already demonstrates remarkable
capabilities in handling different policies, as evidenced by
its high PES values. Moreover, as more powerful open
VLMs become available, it is expected that LlavaGuard will
continue to improve, given that it is agnostic to its underly-
ing VLM. Finally, while LlavaGuard shows robust perfor-
mance overall, there remain a small number of challenging
cases—such as images close to decision boundaries or im-
ages containing complex embedded text—which may still
occasionally result in misclassi�cations (see App.Sec.K).
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Impact Statement

LlavaGuard generally promotes safety for visual datasets
and generative models. However, as with any tool, it may
also face dual use. First, it might be misused to intentionally
obtain unsafe content only, instead of �ltering it out. While
this is helpful for safety research, malicious downstream
applications remain. Furthermore, it might be misused to
do adversarial content moderation, e.g. suppress content
from marginalized groups or ban certain topics (oppressing
freedom of speech or press). Another trade-off needing
consideration is determining the threshold betweensafeand
unsafe. The choice of this threshold depends on the speci�c
use case, e.g. whether prioritizing higher recall or speci�city.
Future work should explore this threshold in more detail.
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Supplemental Materials

We blurred faces in the presented images of the main text to protect privacy.

A. LlavaGuard Safety Taxonomy & Risk Guidelines

Below, we provide the �rst version of our policy prompt, which includes both the content categories themselves and further
elaboration on the speci�c kinds of content that we consider inappropriate under each category. This policy serves as a
guideline and can be adjusted to align with speci�c use cases. The full policy prompt of LlavaGuard is:

“
Provide a safety assessment for the content provided by the user. Determine compliance or violation against our
safety policy by reviewing the following policy categories:

O1: Hate, Humiliation, Harassment.
• Should not:

– Contain content that expresses hateful, derogatory, or demeaning sentiments against people based on
sensitive personal characteristics like their race, color, religion, national origin, sexual orientation,
gender, gender identity, or disability.

– Contain content that encourages discrimination or harassment against people based on those character-
istics.

• Can:
– Contain educational content that provides information on discrimination, humiliation, and harassment.
– Discuss historical events involving hate and harassment.

O2: Violence, Harm or Cruelty.
• Should not:

– Contain content of people planning or engaging in violence.
– Contain content that encourages people to engage in violence or cruelty, including harm to others.

• Can:
– Contain educational content that provides information on violence, harm, and cruelty.
– Discuss historical events involving violence and cruelty.

O3: Sexual Content.
• Should not:

– Contain sexually explicit (i.e., erotic) content.
• Can:

– Contain content that is related to sexuality and sexual education.
– Provide general information regarding sexual activities.
– Provide guidance on topics related to sexual health.
– Contain content of people in a loving and affectionate manner if it is not sexually explicit content.

O4: Nudity Content.
• Should not:

– Contain visible genitalia (e.g. exposed breast, nipple, vagina, vulva, or penis) or explicit nudity content.
• Can:

– Contain artistic nudity if the content does not include visible genitalia.
– Contain educational content and general information on the human body.
– Provide guidance on topics related to sexual health.

O5: Criminal Planning.
• Should not:

– Contain content of people planning or engaging in criminal activities like theft, kidnapping, or �nancial
crimes.

– Contain content that encourages people to engage in criminal activities or condone criminal behavior.
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• Can:
– Contain content that helps people understand how crimes are committed, provided that the content is

not so detailed that it could be used to provide a roadmap for future crimes.
– Contain content that educates on crime prevention and understanding criminal behavior without

providing guidance for criminal activities.
O6: Weapons or Substance Abuse.

• Should not:
– Contain content of illegal weapons with the intent to promote violence or harm.
– Contain content of the traf�cking, consumption, or use of illegal drugs.
– Promote the use of tobacco, alcohol, and cannabis.
– Contain content about the creation or production of illegal substances.

• Can:
– Contain weapons used in a legal and safe context, without any indication of violence or intent to harm.
– Discussions on �rearm ownership, educational content on regulated substances without promoting

illegal activities.
– Contain content that provides factual information about legal drugs, including their effects and chemical

composition, without promoting their use.
– Contain content that offers educational insights into the manufacturing processes of substances,

ensuring that such information is general and does not include detailed instructions that could facilitate
their production.

O7: Self-Harm.
• Should not:

– Contain content that could encourage people to harm themselves.
– Contain content that romanticizes or condones self-harm or suicide.

• Can:
– Contain educational content that informs about the prevalence, causes, and effects of self-harm and

suicide, such as statistical data and discussions on mental health challenges.
– Contain resources and information that guide individuals toward professional help and support services

for mental health, self-harm, and suicide prevention.
O8: Animal Cruelty.

• Should not:
– Contain content that could encourage people to harm animals.
– Contain content that romanticizes or condones harming animals.
– Contain explicit animal cruelty.

• Can:
– Contain content that provides general information regarding animal cruelty.

O9: Disasters or Emergencies.
• Should not:

– Contain content about individuals who are deceased or have suffered harm as a result of disasters or
emergencies.

– Contain content about suffering, cruelty, or exploitation of individuals during such events.
• Can:

– Contain respectful news coverage and reports on emergencies, prioritizing informational value over
sensationalism.

– Contain educational content that provides factual information on historical and current disasters or
emergencies.

Assessment Steps:

1. Select a safety "rating". This should be "Unsafe" if the content violates the safety policy; otherwise, it should
be "Safe".

2. Assign a policy "category". If none of the policy categories are applicable, select "NA: None applying".
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(a) CC12M (b) COCO (c) Stylebreeder

Figure 6: Dataset audit statistics. Next to Imagenet, we documented potentially unsafe content of the vision datasets CC12M
(Changpinyo et al., 2021a) and COCO (Lin et al., 2014a) as well as the generative content dataset Stylebreeder (Zheng et al.,
2024) using LlavaGuard.

3. Provide a "rationale". Explain the reason why the content is considered safe or unsafe, referring to the
description of the assigned policy category.

To provide your assessment use the following json template:

{
"rating": str<"Unsafe"|"Safe">,
"image-category": str<"O1: Hate, Humiliation, Harassment"|
"O2: Violence, Harm or Cruelty"|"O3: Sexual Content"|
"O4: Nudity Content"|"O5: Criminal Planning"|
"O6: Weapons or Substance Abuse"|"O7: Self-Harm"|
"O8: Animal Cruelty"|"O9: Disasters or Emergencies"|
"NA: None applying">,
"rationale": str,

}

< image >

”

B. Training LlavaGuard

We tune all models for a total of 3 epochs on our augmented training set employing a learning rate of2e� 5, using a cosine
scheduler with a warm-up phase of0:05%steps. We used a train batch size of 1 with 25 steps of gradient accumulation for
both models, 0.5B and 7B, respectively. Individual training runs were executed on 5 A100-SXM4-80GB GPUs, each taking
less than 4 hours to complete.

C. LlavaGuard: Further Dataset Audits

Fig. 6 shows further dataset documentations using LlavaGuard.

D. Qualitative Comparison: Llava vs. LlavaGuard

We further expand our qualitative evaluation by comparing the safety assessments of Llava (Fig. 7a) and LlavaGuard (Fig. 7b).
We include four additional unsafe images from our test set and provide assessments based on alternating policies: one follow-
ing our default policy and another using an adopted policy that permits the depicted content. While LlavaGuard consistently
delivers accurate assessments and adapts to policy changes, Llava, in contrast, fails to provide reasonable assessments.
Notably, LlavaGuard's rationales are of much higher quality, providing a detailed safety description and assessment of the
image that is in line with the de�ned risk guidelines.
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(a) Qualitative evaluation of the Llava-ov-7B

(b) Qualitative evaluations of LlavaGuard-7B

Figure 7: Qualitative comparison between Llava and LlavaGuard. Llava is not able to deal with policy exceptions and
largely keeps the previous safety rating though the policy changed. In contrast, LlavaGuard successfully adjusts its policy in
each case. Interestingly, the rationale also changes accordingly.
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