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Motivation Experimental Design

The SafetyALFRED Dataset

® Evaluated 11 models from Qwen, Gemma, and Gemini Families on QA and embodied

® Vision-only provides only egocentric image of the current scene

® Metadata-augmented provides Al2Thor metadata describing scene + image

® QA agent asked to judge safety of scene given task context

® Embodied agent predicts actions step-by-step given goal, example trajectory, and
ground-truth history at each step to ensure agent encounters hazard

® Built upon embodied planning benchmark ALFRED within
Al2Thor simulation

® Augmented with trajectories of an agent completing
tasks while mitigating 6 types of hazards

Spoilage

® Multimodal Large Language Models are increasingly
adopted as autonomous agents in simulated and
physical interactive environments

® Existing safety evaluation primarily focus on hazard
recognition through disembodied question answering

® This research introduces a new benchmark to evaluate
active risk mitigation through embodied planning
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Key Findings: Alignment Gap

During the embodied
task, does the MLLM

remove the safety

® Models perform poorly on both tasks with only image s hazard it mentioned in
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Gemini 1.5 ER: Mitigation Success Rate N Single Agent **p < 0.01 *p < 0.05 (McNemar's Test)

QA Accuracy vs Embodied Accuracy (Metadata Augmented)
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robotic hardware however smaller models struggle to mitigate hazards
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