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Figure 1: Overview of General Accessibility Model (GAM). (a) GAM observes everyday computer use by users with various
abilities through synchronized multimodal observation. (b) GAM maintains a running summary, infers user intent, and
updates confidence-weighted strategy and barrier propositions. (c) These propositions support accessibility reports, feature

recommendations, and just-in-time accessibility repairs on Web.

Abstract

Accessibility research has long envisioned systems that adapt to
users’ abilities and contexts. Yet current ability-based systems lack
reliable ways to learn users’ accessibility needs in situ, leaving
many individualized and context-specific barriers unaddressed. We
present General Accessibility Model (GAM), an architecture that
learns user accessibility needs by observing everyday computer
use. From screen recordings and input streams, GAM generates
confidence-weighted propositions describing a user’s interaction
strategies and in-situ accessibility barriers. Because prolonged in-
teractions are necessary to understand user needs, GAM employs
efficient segmentation and context compression, periodically re-
flecting on observations to revise propositions. We demonstrate
how GAM can enhance accessibility applications, including accessi-
bility report generation, feature recommendation, and just-in-time
accessibility repairs. GAM illustrates how everyday interaction can
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become a source of continuously updated knowledge for personal-
ized accessibility support.

CCS Concepts

+ Human-centered computing — Accessibility systems and
tools.

Keywords
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1 Introduction

Computers are accessible when interfaces meet users’ accessibility
needs, yet this remains untrue for millions of people with disabil-
ities. Automated audits found WCAG conformance failures [14]
on 95.9% of the Web’s one million most popular home pages [12],
while many barriers fall beyond what guidelines encode [6, 7].
Existing approaches remain limited in detecting barriers as users
encounter them. Automated checkers such as axe [2] and WAVE [11]
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Figure 2: GAM’s just-in-time Web repair workflow. (a) Before repair, VoiceOver announces each carousel item generically as
“Visit linked content, button, group,” leaving the item’s destination unclear. (b) After GAM detects the repeated barrier and
applies a repair to the carousel, VoiceOver announces a product-specific label, “Little Leaders Characters, button, group.” The
GAM extension panel shows the detected barrier and the enabled repair.

capture only a fraction of accessibility problems [10] and cannot
determine whether a detected issue was actually experienced by
a particular user. Many barriers are also dynamic, emerging only
through the interaction among the user, the interface, and their
assistive technology (AT).

Even when a barrier is known, existing approaches offer limited
ways to mitigate it. Accessibility overlays apply generic transfor-
mations without knowing whether the transformation fits their
needs [4]. Ability-based systems can personalize interfaces from
measured abilities [13], but often rely on explicit elicitation or cal-
ibration tasks [3] that do not scale across everyday software or
capture needs that shift with task and context.

Recent advances in multimodal LLMs create new opportunities
for a situated and personalized approach. Computer-use agents
demonstrate that these models can interpret screenshots and inter-
act with graphical interfaces [1, 5]. General User Models (GUMs)
further demonstrated that unstructured observations of computer
use can be transformed into propositions about users’ knowledge
and preferences [8]. Together, these advances make it possible to
model not only what users do, but also how they interact: whether
an interface supports their goals, at what cost, and how they re-
spond through particular strategies or ATs.

We present the General Accessibility Model (GAM), an archi-
tecture that learns users’ accessibility needs by observing everyday
computer use. GAM segments and compresses continuous obser-
vations of the user’s screen and input channels, then periodically
reflects on accumulated evidence to create and revise confidence-
weighted propositions describing interaction strategies and in-situ
accessibility barriers, inspired by GUM’s proposition-based repre-
sentation. We illustrate how this representation supports acces-
sibility report generation, accessibility feature recommendation,
and Web interface repair, showing how everyday interaction can
become continuously updated knowledge for personalized accessi-
bility support. We plan to show all three applications at the demo
booth.

2 General Accessibility Model (GAM)

GAM compares what the computer presents with what the user
can access and do, then infers propositions about access strategies
and barriers.

Observing computer use. In our current implementation, GAM
runs on macOS and collects synchronized user interaction data
that reveal what the user perceived, what they did, and what the
interface exposed. It captures the screen recording and system au-
dio, including AT output such as the VoiceOver cursor and speech,
Zoom’s magnified viewport, and Live Captions. It also records key-
board and cursor input to ground the model’s interpretation in the
user’s actions, including screen-reader commands that never reach
an application. GAM identifies active ATs through NSWorkspace
accessibility queries and heuristic methods. On the Web, it addi-
tionally captures the page DOM to connect an experienced barrier
to the elements that caused it.

From observations to propositions. Because evidence of accessibil-
ity needs may emerge across prolonged interaction, GAM processes
observations incrementally. It divides the continuous stream at nat-
ural boundaries, such as pauses in input or navigation to a new
page, while enforcing minimum and maximum segment durations.
For each segment, Gemini 3.1 Pro receives the synchronized obser-
vations together with GAM’s current context: a running session
summary, the latest inferred user intent, and the existing proposi-
tions.

At the end of each segment, GAM creates or updates two types
of confidence-weighted propositions. Strategy propositions describe
recurring interaction patterns, such as “the user routinely relies on
macOS Zoom at high magnification and pans across the viewport
to inspect interface content.” Barrier propositions describe acces-
sibility problems encountered in a specific context, such as “the
user’s focus became trapped inside a modal dialog, preventing them
from dismissing it or returning to the page content.” or “during a
file upload, the user missed an audio-only completion cue” As ev-
idence accumulates, GAM can add, revise, reinforce, or remove
propositions and update their confidence scores.

Each model call also updates the running summary and inferred
intent. These outputs, together with the revised propositions, form
the compressed context for processing the next segment.

3 Applications

GAM'’s propositions provide a shared representation of users’ in-
teraction strategies and encountered accessibility barriers that can
support multiple downstream applications. Our demo will show
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three applications that use this representation in different ways: ac-
cessibility report generation, accessibility feature recommendation,
and just-in-time accessibility repair.

Accessibility report generation. Prior work such as AXNav has
shown that automated accessibility testing can flag potential issues
and produce artifacts for developer review [9]. Building on this
direction, GAM’s barrier propositions can be compiled into per-
sonalized accessibility reports for a specific website or application,
describing the problems a user encountered and how they affected
the user’s task. Because these reports are grounded in observed
interaction, they can capture dynamic and context-specific barriers
that static audits may miss, providing developers with concrete
evidence for reviewing and addressing problems difficult to detect.
For example, a report generated from the interactions of a deaf or
hard-of-hearing user might include missing captions for spoken
information and alternative forms for audio-only completion cue.

Accessibility feature recommendation. Prior work has explored
recommending accessibility features from observed device-use pat-
terns [15]. GAM builds on this direction by grounding recommen-
dations in patterns across strategy and barrier propositions. For
example, if a low-vision user repeatedly magnifies small portions
of a page and pans the viewport to inspect text, GAM could rec-
ommend macOS Hover Text, which enlarges the text beneath the
pointer without magnifying the entire screen. GAM could also rec-
ommend more specific uses of accessibility features. For example,
if a blind user is unfamiliar with a website and repeatedly navi-
gates sequentially and backtracks, GAM could recommend relevant
VoiceOver commands, such as moving by headings or jumping to
the next link, to help them reach their goal more efficiently.

Just-in-time accessibility repair. For accessibility barriers associ-
ated with website, GAM supports just-in-time interface repair. A
Chrome extension presents each detected barrier retrieved from
GAM and lets the user request a repair. The repair module inputs the
barrier description with technical details and relevant DOM context
to a LLM to generate a JavaScript that patches the affected elements.
Figure 2 shows an example in which VoiceOver announces every
carousel item only as “Visit linked content, button, group,” mak-
ing it unclear which item each control opens. GAM detects this
repeated barrier and generates a repair that assigns each carousel
item a distinct accessible name based on its image content. After the
repair is applied, VoiceOver announces the focused item as “Little
Leaders Characters, button, group,” allowing the user to identify it.
Users can also enable repairs to be applied automatically on future
visits to the same URL.
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