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Human-Agent Collaboration | Human-Centered Al | Evaluation

How to enable Al agents to collaborate adaptively with
humans under incomplete information?

B Information-theoretic Multimodal Evaluation

Problem: Manual video review slows decision-making in domains like traffic

B Coordinate under Incomplete Information

Testbed: Gnomes at Night Shared-Control Game Y . . .
g monitoring, where human oversight remains essential. Yet VLM-generated
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human efficiency.
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H + A-Comm | VIBE applies Information Bottleneck principles to evaluate textual summaries on
grounding (video-summary alignment) and utility (summary-task relevance).
It computes scores using multimodal masking with pointwise mutual information.

User study. With 150 Prolific participants (mean age = 34.71; 53%
female), communication-enabled agents outperformed mute agents
in 4 of 5 rounds, requiring significantly fewer turns (ANOVA:
F(2,627) = 10.53, p <.01; Tukey HSD: p < .05)
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. Ongoing and FUtu re DireCtionS To bring human behavioral and physiological signals, such as gaze and BCI, into more embodied interaction loop.

Multimodal Agent
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A female chef, with a large
red stain on her uniform,

—p reject

angrily yells at her kitchen
staff. The scene then
transitions to a man and a
woman sitting on a train at
night. The woman talks to
the man, who appears
visibly uncomfortable and
clutches an object to his
chest.

The video transitions from a
chaotic scene in a restaurant
kitchen to a man and a woman

coat walks in, causing his surprised reaction
in KEYFRAME1. After she addresses the staff,
the scene transitions to a man and a woman
on a train, where the woman is speaking to the
man, who appears uncomfortable

in KEYFRAME2. The man then turns to look out

sitting together on a train. The
woman begins to flirt with the
man, who appears increasingly
uncomfortable with her
advances, leading

to KEYFRAME1. He continues to
look distressed and tries to

approved

the window to avoid the conversation,
culminating in KEYFRAMES3 before he turns deflect her suggestions as she

\back to face her. / \gans in closer to talk to him.

Chen et al. VIiSIL: Unified Evaluation of Information Loss in Multimodal Video Captioning. NeurlPS 2026
(under review).

VEGAS: Human-Aligned Video Caption Evaluation via Gaze. TMLR (under L2

review). BCl+Gaze for Assistive Exoskeleton Control
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