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= Perception vs Reasoning: distinguishing between perceptual and reasoning skills by - ’
evaluating object recognition, action understanding, and scene inference We first collect egocentric videos with detailed narrations from open-source datasets
= Multisensory Inputs: integrating visual and auditory cues, such as object appearance, like Ego4D-HCap and EPIC-KITCHENS, and manually filter them to ensure diverse visual
human actions, and environmental sounds, to assess multimodal alignment scenarios (e.g., cooking, painting). We then develop an automated pipeline to enhance
» Question Types: supporting both closed-ended and open-ended questions, requiring narrations by inferring active/inactive object states using GPT—4Q and incorporating envi-
models to answer factually grounded queries while reasoning about events and rorjmental sounds via QW?HQ‘AUd'O- F'“a||Y’ We generate question-answer pairs throggh
interactions. a rigorous human annota.hon process IhVO|VIﬂg egocgntnc task design, guideline creation
for inter-annotator consistency, applying hallucination-inducing strategies, and QA re-
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tasks. > car horn was heard in
e ViIelak , We compare the performance of various MLLMs on Egolllusion across egocentric video-
A: Yes, Correct Ans: No L _ . . . .
- o language tasks: Episodic Information Reasoning (EIR), Temporal Reasoning (TR), Human-
Object Interaction (HOI), Visual Object Identification (VOI), Object State Change De-
tection (OSCD), and Audio Event Recognition (AER). We indicate whether the models
were trained on egocentric video data and whether they leverage both vision and audio
EcollLLUsION Vs. Prior B h K modalities. The best-performing models for each task are highlighted in bold, while the
S S. FTior Benenmarks second-best scores are underlined. Overall, most of the MLLMs show performance close to
the random guess on our benchmark.
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