SAFEWATCH: An Efficient Safety-Policy Following Video
\ Guardrail Model with Transparent Explanations
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Overview Overview of the SAFEWATCH-BENCH Dataset Experiment and Main Results

We introduce SafeWatch, an efficient MLLM-based video guardrail model
that follows customized safety policies and provides multi-label guardrails
with in-depth explanations.

— :label  Text: Explanation We evaluate SafeWatch over the following experiment setting:

= Evaluation Tasks: (1) Safe\Watch-Bench (real-world and generative
video subset); (2) 5 existing guardrail datasets; (3) 8 unseen tasks.
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1. We propose a novel architecture with (1) strong policy-following via

Table 1. Comparison of various video guardrail models on SafeVWatch-Bench.
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(2) the adaptability to visual token pruning; and (3) the quality of explanation. 3. Decoding: [safety policies, pruned video tokens, query] — [guardrail, explanation]. each policy in different positions. SafeWatch significantly reduces positional bias!




