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Streaming Video Understanding with Gaze 
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● Motivation: While prior streaming benchmarks evaluate temporal reasoning, none measure whether MLLMs can interpret 
or leverage human gaze signals within a streaming setting.

● Research Question: We rely on gaze to guide our actions, but can current MLLMs truly understand it and infer our 
intentions?

● Our proposal: We introduce StreamGaze, the first benchmark/data generation pipeline designed to evaluate how 
effectively MLLMs use gaze for temporal and proactive reasoning in streaming videos.
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Our Contribution
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1. Gaze-Guided Streaming Benchmark: 10 tasks spanning past, present, and proactive reasoning, from gaze-sequence 
matching to alerting when objects appear within the FOV area. 

2. Gaze-Guided Streaming Data Construction Pipeline: We align egocentric videos with raw gaze trajectories using fixation 
extraction, region-specific visual prompting, and scanpath construction to generate spatio-temporally grounded QA pairs. 

3. Comprehensive Evaluation of State-of-the-Art MLLMs: Across all gaze-conditioned streaming tasks, we highlight 
fundamental limits of current MLLMs. 
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1. Gaze-guided Streaming Data Construction   
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Our gaze-video QA generation pipeline aligns egocentric videos with raw gaze trajectories through four stages: 

● (1) Input: egocentric videos, 2D gaze axis per each frame (projected via camera parameters) 

● (2) Fixation Extraction: We extract fixation moments, intervals where the gaze remains relatively stable within a localized 
region with two criteria: (i) point-wise stability and (ii) scene consistency

Scene consistency

Point-wise stability 
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1. Gaze-guided Streaming Data Construction   
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Our gaze-video QA generation pipeline aligns egocentric videos with raw gaze trajectories through four stages: 

● (3) Region-Specific Visual Prompting: We divide each frame into FOV and out-of-FOV regions and extract objects within the 
gaze area with MLLM. 

● (4) Scanpath Construction & QA Generation: We construct a scanpath that represents the temporal evolution of gaze-guided 
object observations and generate QA pairs 

…
 

Scanpath construction 

Object extraction 
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2. Benchmark Overview 
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Problem setup: We formulate a gaze-guided streaming video understanding task, where the model must answer time- sensitive 
questions while observing temporally incoming frames and user gaze. 

● Past task: focus on temporal reasoning over gaze and capture the dynamic characteristics of the user’s gaze, modeling 
how attention shifts across objects over time.
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2. Benchmark Overview 
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● Present task: capture the user’s perceptual state and intention. We control question difficulty using FOV/out-of-FOV 
objects 

● Proactive task: involve gaze-based reasoning, where the model anticipates or assists future user behavior based on gaze 
and contextual cues.
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3. Results
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● Across all gaze-conditioned streaming tasks, we highlight fundamental limits of current MLLMs. All MLLMs fall far below 
human performance. Models particularly struggle with temporal continuity, gaze grounding, and proactive prediction.
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4. Additional Analysis 
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● Ablation of gaze input prompting: We analyze different strategies for incorporating gaze information into MLLMs

● Fine-tuning results: Due to the broad task coverage of StreamGaze, the resulting data distribution is inherently 
imbalanced, and performance improvements do not occur uniformly across all tasks.

Text prompt
Visual prompt Salience map
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