
READEASY: Bridging Reading Accessibility Gaps
using Responsible Multimodal Simplification with

Generative AI∗

Sharv Murgai
Monta Vista High School

ReadEasy.org
murgai.sharv@gmail.com

Shivatmica Murgai
Stanford University

ReadEasy.org
smurgai@stanford.edu

Abstract

We present ReadEasy.org, a multimodal, retrieval-augmented system that sim-
plifies text and images for improved accessibility in education, healthcare, and
technical domains. The system integrates Age-of-Acquisition guidance, word-sense
disambiguation, graph-based retrieval-augmented generation (RAG), image cap-
tioning, and a human-in-the-loop feedback loop. Across 14,000 items, it improves
readability over GPT-4 baselines (+22.21% SARI, +14.11% Flesch), increases do-
main retrieval precision (+11%), and yields further gains with user feedback (+8%
content relevance, +15% satisfaction). In classroom use with 200 K–12 students
and additional professional cohorts, users rated outputs as easier to understand
and more useful. This Creative Demo highlights how responsible AI design can
support accessibility while maintaining semantic integrity.

1 Motivation

Complex content in education, healthcare, and technical fields often creates accessibility barriers.
Existing LLM simplifiers lack adaptability, struggle with multimodal input, and fail to personalize
outputs. Our demo system addresses these gaps with knowledge-grounded retrieval and interactive
feedback.

2 System Overview

• AoA + WSD: Flags difficult terms and resolves ambiguities. Users can specify a target age
group, and AoA ratings ensure that simplified text matches developmental reading levels.

• Graph-based RAG: Retrieves domain-specific definitions from medical/technical glossaries,
improving precision by 11%.

• Synonym Selection: LLM + cosine similarity ensures semantic fidelity.

• Image Captioning: Simplifies medical diagrams/technical schematics for non-experts.

• Feedback Loop: Iterative refinement; +8% SARI, +15% satisfaction.

As illustrated in Figure 1, the system processes input text and images through AoA/WSD, graph-based
RAG, synonym selection, and image captioning. A human-in-the-loop feedback loop continuously
refines outputs for different target audiences.
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Figure 1: System flowchart: multimodal pipeline with AoA/WSD (age-level aware), graph-based
RAG, synonym selection, image captioning, and a human-in-the-loop feedback loop.

Table 1: Illustrative simplifications across education (age-targeted) and domain-specific contexts.
Context / Model Simplified Text

Education (Photosynthesis)
Original Photosynthesis is how green plants and some other organisms use light to create

energy.
ChatGPT-4 (age 9) Photosynthesis is when green plants and some other living things use sunlight to

make food.
Proposed System (age 9) Photosynthesis is like a magic trick that plants use to make their own food from

sunlight.
Proposed System (age 7) Photosynthesis is like a magic trick that green plants use to turn sunlight into food.

3 Demo Features

Users can:

1. Upload complex text and images.

2. Specify a target age group (e.g., 7, 9, 11 years old) to receive outputs tuned to that reading
level.

3. Receive simplified outputs tailored by AoA and graph-based RAG.

4. View retrieved definitions alongside the original text.

5. Provide feedback to refine outputs in real time.

4 Results Snapshot

Human evaluations K–12: N=200 students, ages 5/7/9/11 with group sizes 45/52/48/55. Profes-
sionals: N=50 total (25 medical, 25 technical) via short preference surveys. We report 95% confi-
dence intervals using nonparametric bootstrap over items (10,000 resamples), and treat SARI/Flesch
improvements as absolute deltas over the GPT-4 baseline.

• Education: +22.21% SARI, +14.11% Flesch (200 K–12 students).

• Healthcare/Technical: Professionals reported improved clarity and 18% higher satisfaction
with retrieved explanations.
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5 Creative Impact

The demo shows how multimodal, knowledge-grounded, and feedback-driven AI can transform
education, healthcare and technical fields by making complex content age-appropriate and accessible.

6 Availability

URL: https://readeasy.org
Video: https://www.youtube.com/watch?v=Uwfy2D4Tq5I

Ethics Statement

K–12 classroom activities were introduced and facilitated by teachers within normal instruction,
following school policies. Teachers aggregated student ratings at the class level and shared only
de-identified summaries (e.g., counts by age group) with the authors. No personal identifiers, contact
information, detailed demographics, audio/video, or device data were collected or stored, and no
student accounts were created by the study team. Adult professional participants provided consent
before completing brief surveys; only de-identified responses were retained. The system is for
informational use and not a substitute for professional advice (e.g., medical or clinical). To reduce
potential harms from oversimplification, the interface preserves the original text, provides retrieved
definitions, and allows user feedback to adjust outputs.
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