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Abstract

To enhance the safety of VLMs, this paper introduces a novel reasoning-based
VLM guard model dubbed GuardReasoner-VL. The core idea is to incentivize 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 moderation 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 exploitation 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 superiority 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.

Warning: This Paper Contains Potentially Harmful Content.

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 [73], deep research [77],
embodied AI [13], etc. However, when deploying VLMs in safety-critical domains such as education
[11], finance [86], or government, they remain vulnerable to manipulations and attacks [52, 21, 53, 41].
To alleviate this problem, safety alignment methods [51, 101] are proposed by training VLMs to
align with human values and expectations. While effective, it imposes the alignment tax [27, 42],
compromising the fundamental capabilities of models, such as creativity, helpfulness, and reasoning.

To mitigate this drawback, VLM guard models [15, 10, 30] are developed to safeguard VLMs without
direct modifications to the victim VLMs. For example, VLMGuard [15] detects malicious text-image
prompts using unlabeled data. In addition, LLaMA Guard 3-Vision [10] moderates both text-image

1https://github.com/yueliu1999/GuardReasoner-VL
2Jiaheng Zhang and Bryan Hooi are corresponding authors.
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(a) Prompt Harmfulness Detection Task. (b) Response Harmfulness Detection Task.

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

prompts and text responses by SFT. Then, Beaver-Guard-V [30] is developed via RL with a well-
trained reward model. The existing VLM guard models are trained to output only classi�cation
results. Although effective, they lack interpretability, as the models do not justify their decisions.
Besides, the harmful categories are �xed, 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)Of�ine Training. Current guard models are typically
restricted to of�ine training, which hampers their performance. 3)Token Ef�ciency. The reasoning
process increases token costs, reducing inference ef�ciency.

To this end, we propose a novel reasoning-based VLM guard model termed GuardReasoner-VL by
incentivizing it toreason-then-moderatevia online RL. 1) First, to solve data limitations, we create
GuardReasoner-VLTrain, a reasoning corpus with 123K samples and 631K reasoning steps. Unlike
the existing data, we collecta 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 dif�culty of the data, we perform data
augmentation via our proposedsafety-aware data concatenation. The main principle 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 adynamic clipping parameter to encourage the model
to explore in the early stage and exploit in the later stage. 3) To balance the model performance
and token ef�ciency, we design alength-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 contributions are listed as follows.

• We develop GuardReasoner-VL, a novel VLM guard model that �rst 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.

2 GuardReasoner-VL

This section outlines the methodology of the proposed GuardReasoner-VL. First, we de�ne the
moderation task of VLM guard models. Then, we present the data curation for our training data. In
addition, we introduce the training 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 4.
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Figure 2:Overview Training Pipeline of GuardReasoner-VL.It mainly contains three processes,
including data curation, model cold-start, and online RL. Concretely, we �rst 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 dif�culty 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.

Moderation Task. Given a victim VLM F , a user inputs a promptX and receives a response
S = F (X ), whereX can be represented by one of the following modalities: a textT , an imageI , or
an text-image pairfT ; Ig . The VLM guard modelGmoderates the input and output of the victim
VLM F by detecting whether they are harmful, formulated as follows.

Ŷ = ( Ŷprom; Ŷres) = G(X ; S); (1)

whereŶprom 2 f harmful; unharmfulg is the predicted label for the prompt harmfulness detection
task, andŶres 2 f harmful; unharmfulg is the predicted label for the response harmfulness detection
task. The performance ofG is evaluated using the F1 score between the predicted labelŶ and the
ground-truthY = fY prom; Yresg. The harmful/unharmful samples are treated as positives/negatives.

However, existing VLM guard models [15, 10, 30] merely provide classi�cation results, limiting
performance, explainability, and generalization. Thus, we aim to develop a reasoning-based VLM
guard modelGreasonerto �rst deliberatively reason and then make moderation decisions as follows.

f Ŷ; Rg = Greasoner(X ; S); (2)

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

2.1 Data Curation

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. The prompt and response can be classi�ed as harmful or unharmful.

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