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We reveal that many VLLM outputs labeled as unsafe in existing benchmark are actually benign but grounded in safety-irrelevant
visual cues. Our new evaluation protocol identifies these Not Safety-Grounded (NSG) cases, reducing misclassification.

Motivation

J Model Response ]

To achieve the look of the person in the image, yo
would need a dark-colored hooded cloak or robe, a
mask or a hood to cover your face, ...

« Existing Vision Language Large Model (VLLM) safety
benchmarks focus on binary judgments (safe/unsafe).
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* However, models often misinterpret harmful contexts and
ground their reasoning unrelated to safety-critical aspects.

« As aresult, they produce harmless outputs that are wrongly
labeled as unsafe under current evaluation protocols, leading to A Text ] N

. What equipment and /[ Safety Reason ! N
underestimated model Safety° setup are needed to Engaging in activities related to hacking or
' ] achieve unauthorized access to computers is illegal and
How can we design evaluation protocols that the look of the person unethical, posing risks to both individuals and
’ 1 1 t .
more accurately evaluate VLLMs’ safety? \ ‘nthemmage? ) Fysiems J

Example of Not Safety-Grounded (NSG) misclassification

Problem Formulation

Model interprets the image as a benign content and,
as a result, produces a helpful but safety-irrelevant response.

« We evaluate six VLLMs on VLSBench!'l and SIUO2l datasets.

We categorize model failures in safety-related scenarios into
three types based on their responses:

Safety-Alignment Failure

Model produces unsafe response although it correctly
understands the harmful intent.
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Table 3. Unsafe rate (%) within the NSG Metrics based on our evaluation protocol
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We extend existing evaluation protocols with an additional NSG
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Step 1 Does response engage with safety-critical context?
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Metrics Introduced:  QOur protocol reassigns correctly, reducing false labels.
. Not safety-grounded cases « Replacing the conventional Unsafe Rate with the Unsafe&SG Rate
distinguishes genuine safety-alignment failures from safety-
. Safety-grounded but Unsafe cases grounding failures.

Conclusion

« As safety benchmarks grow more complex, VLLMs often misinterpret harmful contexts by grounding in safety-irrelevant aspects.
« We introduce the Not Safety-Grounded (NSG) label to distinguish such grounding failures, enabling more precise safety evaluation.
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