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Abstract
To enhance the safety of VLMs, this paper intro-
duces a novel reasoning-based VLM guard model
dubbed GuardReasoner-VL. The core idea is to in-
centivize the guard model to deliberatively reason
before making moderation decisions via online
RL. First, we construct GuardReasoner-VLTrain,
a reasoning corpus with 123K samples and 631K
reasoning steps, spanning text, image, and text-
image inputs. Then, based on it, we cold-start
our model’s reasoning ability via SFT. In addition,
we further enhance reasoning regarding modera-
tion through online RL. Concretely, to enhance
diversity and difficulty of samples, we conduct
rejection sampling followed by data augmentation
via the proposed safety-aware data concatenation.
Besides, we use a dynamic clipping parameter to
encourage exploration in early stages and exploita-
tion in later stages. To balance performance and
token efficiency, we design a length-aware safety
reward that integrates accuracy, format, and token
cost. Extensive experiments demonstrate the su-
periority of our model. Remarkably, it surpasses
the runner-up by 19.27% F1 score on average, as
shown in Figure 1. We release data, code, and
models (3B/7B) of GuardReasoner-VL1.

1. Introduction
Built upon large language models (LLMs), vision-language
models (VLMs) achieve remarkable success in a wide range
of real-world applications such as computer use (Team,
2024), deep research (Team, 2025b), embodied AI (Deep-
mind, 2025), etc. However, when deploying VLMs in safety-
critical domains such as education (Chu et al., 2025), finance
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(Wang et al., 2023), or government, they remain vulnerable
to manipulations and attacks (Lyu et al., 2024a; Gong et al.,
2023; Lyu et al., 2024b; Li et al., 2024d). To alleviate this
problem, safety alignment methods (Liu et al., 2024c; Zong
et al., 2024) are proposed by training VLMs to align with
human values and expectations. While effective, it imposes
the alignment tax (Huang et al., 2025; Lin et al., 2023a),
compromising the fundamental capabilities of models, such
as creativity, helpfulness, and reasoning.

To mitigate this drawback, VLM guard models (Du et al.,
2024; Chi et al., 2024; Ji et al., 2025a) are developed to
safeguard VLMs without direct modifications to the victim
VLMs. For example, VLMGuard (Du et al., 2024) detects
malicious text-image prompts using unlabeled data. In addi-
tion, LLaMA Guard 3-Vision (Chi et al., 2024) moderates
both text-image prompts and text responses by SFT. Then,
Beaver-Guard-V (Ji et al., 2025a) is developed via RL with
a well-trained reward model. The existing VLM guard mod-
els are trained to output only classification results. Although
effective, they lack interpretability, as the models do not
justify their decisions. Besides, the harmful categories are
fixed, restricting the generalization to new categories.

Therefore, this paper aims to build a reasoning-based VLM
guard model. It has three challenges as follows. 1) Limited
Data. The available training data is limited in terms of
the number of samples, input modalities, and reasoning
processes. 2) Offline Training. Current guard models are
typically restricted to offline training, which hampers their
performance. 3) Token Efficiency. The reasoning process
increases token costs, reducing inference efficiency.

To this end, we propose a novel reasoning-based VLM guard
model termed GuardReasoner-VL by incentivizing it to
reason-then-moderate via online RL. 1) First, to solve data
limitations, we create GuardReasoner-VLTrain, a reasoning
corpus with 123K samples and 631K reasoning steps. Un-
like the existing data, we collect a mixture of text, image,
and text-image samples (see Figure 3) to match the diverse
input modalities of VLMs, and generate reasoning processes
by prompting GPT-4o. Based on GuardReasoner-VLTrain,
we cold-start our model via SFT. 2) Then, we conduct online
RL to incentivize our model. To increase the diversity and
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(a) Prompt Harmfulness Detection Task.
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(b) Response Harmfulness Detection Task.

Figure 1: Mean Performance of GuardReasoner-VL on Multi-modal Guardrail Benchmarks.

Figure 2: Overview Training Pipeline of GuardReasoner-VL. It mainly contains three processes, including data curation,
model cold-start, and online RL. Concretely, we first build a reasoning corpus, which contains 123K samples with 631K
reasoning steps, spanning text, image, and text-image modalities. We cold-start the model via reasoning SFT. Then, we
perform data augmentation to improve the difficulty and diversity of the data via safety-aware data concatenation. In
addition, we conduct online RL with a dynamic clipping parameter and the designed length-aware safety reward.

difficulty of the data, we perform data augmentation via our
proposed safety-aware data concatenation. The main prin-
ciple is to guide the model to detect harmful content hidden
among predominantly harmless content. We concatenate
the inputs of different samples and assign new safety labels
based on whether any of the original samples are labeled
as harmful. Besides, we use a dynamic clipping param-
eter to encourage the model to explore in the early stage
and exploit in the later stage. 3) To balance the model per-
formance and token efficiency, we design a length-aware
safety reward, integrating accuracy, format, and reasoning
tokens. We develop two model versions: GuardReasoner-
VL, a more powerful version, and GuardReasoner-VL-Eco,
a more token-economical version. The main contributions
of this paper are listed as follows.

• We develop GuardReasoner-VL, a novel VLM guard
model that first reasons and then moderates.

• We curate a reasoning corpus for VLM guard termed
GuardReasoner-VLTrain, containing 123K samples with
631K reasoning steps, covering text, image, and text-
image paired samples.

• We incentivize the reasoning ability of our model through
online RL, incorporating the proposed safety-aware data
concatenation, dynamic clipping parameter, and length-
aware safety reward.

• Extensive experiments and analyses verify the superiority
of our proposed GuardReasoner-VL.
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2. GuardReasoner-VL
This section outlines the methodology of the proposed
GuardReasoner-VL. First, we define the moderation task
of VLM guard models. Then, we present the data curation
for our training data. In addition, we introduce the train-
ing pipeline of our proposed reasoning-based VLM guard
model. The overview training pipeline is shown in Figure 2.
The basic notations are summarized in Table 1.

Table 1: Basic Notations of This Paper.

Notations Meanings Notations Meanings

F Victim VLM D Reasoning Corpus for R-SFT

X User Input Xnew Augmented Use Input

T Text Input DRL Reasoning Corpus for RL

I Image Input Mbase Base Model

fT ; Ig Text-image Paired Input MR-SFT Trained Model via R-SFT

S Response of Victim VLM Greasoner Reasoning-based VLM Guard Model

G VLM Guard Model LR-SFT Objective of R-SFT

Q Instruction for Guardrail Task Bs Dynamic Clipping Parameter

R Reasoning Process r Overall Reward

Ŷ Predicted Label lnorm Normalized Length of Reasoning

Y Ground Truth LRL Objective of RL

Moderation Task. Given a victim VLM F , a user inputs a
prompt X and receives a response S = F(X ), where X can
be represented by one of the following modalities: a text T ,
an image I, or an text-image pair fT ; Ig. The VLM guard
model G moderates the input and output of the victim VLM
F by detecting whether they are harmful:

Ŷ = (Ŷprom; Ŷres) = G(X ;S); (1)

where Ŷprom 2 fharmful; unharmfulg is the predicted la-
bel for the prompt harmfulness detection task, and Ŷres 2
fharmful; unharmfulg is the predicted label for the response
harmfulness detection task. The performance of G is
evaluated using the F1 score between the predicted label
Ŷ and the ground-truth Y = fYprom;Yresg. The harm-
ful/unharmful samples are treated as positives/negatives.

However, existing VLM guard models (Du et al., 2024; Chi
et al., 2024; Ji et al., 2025a) merely provide classification
results, limiting performance, explainability, and general-
ization. Thus, we aim to develop a reasoning-based VLM
guard model Greasoner to first deliberatively reason and then
make moderation decisions as follows.

fŶ;Rg = Greasoner(X ;S); (2)

whereR are reasoning processes, improving performance,
explainability, and generalization.

2.1. Data Curation

First, to match the diverse input modalities of VLMs, we
collect a mixture of text, image, and text-image samples.
The distribution and cases are demonstrated in Figure 3.

Table 2: Statistics of our Reasoning Corpus
GuardReasoner-VLTrain.

Modality # Sample # Step Mean Step Mean Len. per Step

Text 63,799 353,440 5.54 163.25

Image 13,267 57,322 4.32 154.03

Text-Image 46,030 221,033 4.80 160.79

Overall 123,096 631,795 5.13 159.36

Text. Following GuardReasoner (Liu et al., 2025b), we
collect and combine the data of WildGuardTrain (Han et al.,
2024), AegisTrain (Ghosh et al., 2024a), BeaverTailsTrain
(Ji et al., 2024), and ToxicChatTrain (Lin et al., 2023b). To
balance the ratios of different input modalities, we use 50%
of the mixed text data.

Image. We collect and combine the data of UnsafeBench
(Qu et al., 2024), BadNews (Zeng et al., 2020), Hateful-
Memes (Kiela et al., 2020), HatefulPoliticalMemes (Hate-
fulPMemes) (Pramanick et al., 2021), and HOD (Ha et al.,
2023). For HatefulMemes and HatefulPMemes, we utilize
the processed data from VLGuard (Zong et al., 2024). For
HOD, we use 60% of the original dataset to balance the
harmful and unharmful categories of the images. For this
constructed image data, we use 80% for training and 20%
for testing. The test set is named as HarmImageTest.

Text-Image. We utilize the SPA-VL-Train dataset (Zhang
et al., 2024) as the text-image paired training data. To
balance the ratios of different input modalities, we use 50%
of the SPA-VL-Train dataset.

Then, to train the reasoning-based VLM guard models, we
generate the reasoning processes via prompting GPT-4o
(Liu et al., 2025b), as shown in Figure 10. As a result, we
obtain a reasoning corpus termed GuardReasoner-VLTrain,
consisting of 123K samples and 631K reasoning steps. The
detailed statistics is listed in Table 2. In Figure 7, we show
the distribution of data sources, the distribution of harmful
categories, and representative cases of each modality in
GuardReasoner-VLTrain.

2.2. Model Cold-Start

Based on the curated reasoning dataset GuardReasoner-
VLTrain, denoted as D, we cold-start the base model via
Reasoning Supervised Fine-Tuning (R-SFT). Specifically,
given the guardrail instruction Q, the user prompt X , and
the victim model’s response S, we train the base model
Mbase to generate both the reasoning process R and the
moderation result Y . The objective is formulated as follows.

LR-SFT = �E(X ;S;R;Y)�D logP�(R;Y j Q;X ;S); (3)
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Figure 3:Input Modalities and Distribution of Our Training Data GuardReasoner-VLTrain. It contains 123K samples
with 631K reasoning steps, spanning 3 input modalities, including text, image, and text-image.

where� denotes the model parameters. The inputX can
be a text, an image, or a text-image pair. The instruction,
input, and output are showcased in Figure 11. Through
R-SFT, we endow the model with basic reasoning ability for
moderation, resulting in a reasoning modelM R-SFT.

2.3. Online Reinforcement Learning

Then, we perform online RL onM R-SFT to enhance the
reasoning ability regarding moderation. It contains 3 parts,
i.e., data augmentation, training process, and reward design.

2.3.1. DATA AUGMENTATION

We generate harder and more diverse samples to better fa-
cilitate the generalization of online RL. First, we perform
rejection sampling onM R-SFT over the reasoning corpus
D. We run the entire dataset four times with high random-
ness and select the samples for which all predictions are
incorrect.

Then, to further improve the diversity and the dif�culty of
the data, we conduct data augmentation viasafety-aware
data concatenation, as shown in Figure 4. Our core idea is
to enable the guard model to identify harmful content hidden
among predominantly harmless content. Take the prompt
harmfulness detection task as an example, given two text-
image paired inputsX1 = fT 1; I 1g; X2 = fT 2; I 2g and
their labelsY1; Y2, the augmented sample is constructed:

Tnew = text_concat(T1; T2); (4)

I new = image_merge(I 1; I 2); (5)

Xnew = fT new; I newg; (6)

Ynew =

(
unharmfulif Y1 = Y2 = unharmful
harmfulotherwise

; (7)

wheretext_concatdenotes concatenating two textual inputs
into a single context.image_mergedenotes combining two
image inputs through image-level transformations. For the
new labelYnew of the augmented sampleXnew, we assign
it as harmful if any of the original samples is harmful. In
this manner, it can enhance the guard model's ability to
detect harmfulness in more complex and challenging cases.
Through rejection sampling and safety-aware data augmen-
tation, we generate a hard-sample reasoning corpusDRL.

2.3.2. TRAINING PROCESS

Based onDRL, we trainM R-SFT via online RL. We imple-
ment it by using group relative policy optimization (GRPO)
(Shao et al., 2024). Unlike standard GRPO, we omit the KL
divergence loss to reduce constraints on the model's behav-
ior. In addition, we propose to encourage exploration in the
early training stages and exploitation in the later training
stages. The objective is formulated as follows.

L RL = � E(X ;S;R ;Y ) �D RL;fR i ;Ŷ i gG
i =1 � P � old

(8)

1
G

GX

i =1

(min ( K i ; clip (K i ; 1 � B; 1 + B )) � A i ) ; (9)

K i =
P� (R i ; Ŷi jQ; X ; S)

P� old(R i ; Ŷi jQ; X ; S)
; (10)

A i =
r i � mean(f r 1; r 2; :::; rG g)

std(f r 1; r 2; :::; rG g)
; (11)

Bs =
sY

i =1

�
stotal � i

stotal

�
� �; (12)

whereK i is the policy ratio,A i denotes the estimated advan-
tage,f r 1; r 2; :::; rG g is a group of rewards. We introducea
dynamic clipping parameter Bs in Formula(12), wheres
is the current training step, andstotal is the total number of
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