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Introduction

The Problem: Obtrusive Personalization

« Current LLM personalization relies on explicit, high-effort user prompts.

» \oice and text prompts are obtrusive in mobile and wearable contexts.

« Explicit commands often fail to capture the subtle nuances of user attention.
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Proposed Solution: Gaze as Implicit Prompt
« (Gaze: reflect user’s focus without interrupting user.
* LLM: strength in generating high-quality summaries.
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Personalized Summary:
Contains Information of
Interest

Gaze as Implicit Prompt

We explored several gaze representation methods as input to an LLM for
generating personalized summaries.

Gaze Representations

 Gaze Density: Rank sentences based
on their total fixation duration and
selecting the top 20%.

 (Gaze Heatmap: Aggregate gaze
points into a heatmap and overlay it
onto the text as an image-text pair.

 Gaze SVM: Extract 26 gaze features
and classify attention level of each
sentence using SVM.

conditions that presently exist in the region, rates of addition to the aquifer are minimal, amounting

to about half a centimeter a year.

The first wells were drilled into the Ogallala during the drought years of the early 1930s. The
ensuing rapid expansion of wrigation agriculture, especially from the 1950s onward, transformed the
economy of the region. More than 100,000 wells now tap the Ogallala. Modern irrigation devices,
each capable of spraying 4.5 million liters of water a day, have produced a landscape dominated
by geometric patterns of circular green islands of crops. Ogallala water has enabled the High Plains
region to supply significant amounts of the cotton, sorghum, wheat, and com grown in the United

States. In addition, 40 percent of American grain-fed beef cattle are fattened here.

This unprecedented development of a finite groundwater resource with an almost negligible natural
recharge rate — that js, virtually no natural water source to replenish the water supply —
has caused water tables in the region to fall drastically. In the 1930s, wells encountered plentiful
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Evaluation

Proportion of Sentences in Focus Area

Content Focus Analysis

* Proportion of sentences in the summary that 0s) A a4
corresponded to these target paragraphs in ; - ‘
the source text. 4" ] 032 ]

* Higher ratio => summary content is more T [ 0‘128
aligned with the paragraphs user should focus %
on => more personalized. £

« (Gaze effectively guides LLMs to generate 01
summaries that focus on the content users
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Similarity with the User-Provided Summary
« At the lexical level, Heatmap outperforms other gaze representations.
« Heatmap even surpasses explicit-input summaries (Target Paragraphs) at

the phrase level.
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Summary Quality
* Incorporating gaze information can make summaries more personalized
without compromising their overall quality.

Takeaway 1

 Heatmap performs best as a gaze representation.

« Heatmap outperforms explicit user input at the phrase level.
« (Gaze-based personalization does not degrade overall quality.

Gaze-Guided Assistant

The system automatically generates summaries after reading based on gaze
heatmap and displays them as references during writing.

! n acacia tree in exchange for food and shelter. These varied and intricate
interdependencies demonstrate t hat a community's structure is a complex web o
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Task: Goal-Oriented Reading

You are instructed to ignore the other symbiotic types (commensalism and mutualism). Your

selection shapes this relationship.
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Perceived usefulness,
Information coverage,
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,,,,,,,,,, tool effort.

(O The ability to make toxic chemicals enables a parasite to find and isolate its host.

» Text: non-personalized generic summary without gaze information.
« Target Paragraphs: user manually input the prompt.

Takeaway 2

* Personalized summary is
more useful and better
aligned with users’ focus
than the generic summary.

« GazeSummary requires
less effort to use than
iInputting prompt manually.

* Explicitly entering prompt >
GazeSummary > text-only
baseline.

Gaze-Aware LLM

Existing VLM are inefficient for
the gaze-oriented task. We
propose a compact, locally
deployable model that
achieves performance
comparable to larger models
In gaze-based text
summarization.
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Our model performs significantly
better than Qwen-3B and
achieves performance
comparable to Gemini.

Our model outperforms Qwen-VL,
showing that it handles gaze
information more effectively than
Qwen-VL'’s vision encoder.

LinkedIn



