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Figure 1: System architecture. The Eye and Ear sensing modules stream live multimodal input to the long-context Bot orches-
trator (gemini-2.5-flash [6, 8]), which maintains a persistent session exposed through a minimal browser-based Ul A user
profile injects static accessibility context with each query. Demonstrated here with a machine learning lecture video [18].

Abstract

Synchronous learning environments often present a bandwidth
problem where high-density visual and auditory information is lost
due to fast-paced delivery or inaccessible presentation methods. We
present a multimodal assistant designed to provide real-time scaf-
folding for participant comprehension. The system captures local
screen content and audio to maintain a persistent Al session, allow-
ing users to query a long-context model about live content without
disrupting the conversational floor. This demo at Learning at Scale
invites attendees to interact with the assistant during technical pre-
sentations, showcasing its ability to resolve visual ambiguities and
summarize recent discussions for improved accessibility, cognitive
support, and personalized adaptation to individual access needs.
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1 Introduction

Modern collaborative software frequently leaves participants in
a state of information decay if they miss a fleeting visual cue or
a fast-paced comment, a phenomenon recognized in educational
psychology as the transient information effect [22]. This “inter-
ruption tax” [1] is particularly high for blind or neurodivergent
participants [2, 7], non-native speakers [16], or those experiencing
high cognitive load - populations for whom synchronous learning
environments often fail to provide multiple means of representation
[4]. Moreover, these barriers are not uniform: a blind participant
and a non-native speaker face qualitatively different information
gaps from the same presentation, suggesting that effective support
must be personalized to the individual [14, 20, 23, 24].
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To address this, we developed a platform-agnostic assistant that
acts as a private, non-visual channel for information retrieval. By
offloading clarification queries to an automated system, partici-
pants can gain granular control over the meeting flow—reviewing
transcripts line-by-line or querying visual data—without signaling
confusion to colleagues or consuming shared time. We make the
code available at https://anonymous.4open.science/r/ai-bot-8A52.

2 Related Works

Recent advancements in speech recognition and large unified mul-
timodal models have enabled the creation of robust video question-
answering (QA) systems. Foundational architectures such as Flamingo
utilize gated cross attention layers to improve text-vision embed-
ding alignment [3]. Frameworks such as LLaVA-NEXT have en-
hanced fine-grained image understanding by using the AnyRes
technique to handle processing high resolution visual data [11].
These models have enabled more efficient translation of visual in-
formation into text which supports high quality zero-shot question
answering.

Previous research indicates that including human-in-the-loop
interactions in LLM generated meeting summaries increased user
engagement and trust in the system’s output [21]. Building on this,
we enable users to define the scope of their question, allowing for
real-time personalized information generation.

Empirical research suggests that highly automated LLM summa-
rization generation can reduce cognitive engagement. In contrast,
intermediate AI solutions improve information retention while
reducing cognitive load [5]. Our system is designed to stimulate
active cognition by encouraging users to query the Al assistant
for additional assistant at the point of information need, rather
than generating lengthy post hoc summaries. Numerous social fac-
tors, such as aversion to disruption, have been shown to increase
cognitive load for neuro-divergent learners in online learning envi-
ronments [10]. Our system acts as a private assistant to help those
who have questions but fear disrupting an on going teaching session
to elucidate them. We utilize these previous works as a foundation
for our research; however, we differ by allowxing for real-time
question answering and personalized information retrieval from a
learning environment.

3 System Architecture

The assistant is organized around three modular "senses" that feed
into a central intelligence, grounded in the principles of cognitive
load theory [13, 19] to minimize extraneous processing:

(i) The Eye serves as the visual input channel, capturing high-
frequency screenshots of the user’s display to track slide transitions
and shared documents.

(ii) The Ear handles auditory input by processing raw audio na-
tively via the gemini-2.5-flash model [6, 8], enabling the system
to categorize environmental sounds and non-verbal cues along-
side linguistic transcription while maintaining a platform-agnostic
stream through local hardware discovery. This dual-modality ap-
proach provides redundant channels of information [9, 12] consis-
tent with Universal Design for Learning principles [4] and shown
to support sensory and cognitive access needs.
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(iii) The Profile maintains a persistent user profile encoding acces-
sibility preferences and interaction history, enabling the system to
adapt its output to the individual — for example, generating rich vi-
sual descriptions for a blind user, as shown in Figure 1. This reflects
a growing recognition that personalization is itself an accessibility
strategy [20, 24].

(iv) The Bot acts as the central orchestrator, utilizing the long-
context window of gemini-2.5-flash [6, 8] to maintain a con-
tinuously updated representation of the session. This architecture
allows the system to perform temporal reasoning across modalities,
such as resolving deictic references like "that chart mentioned a
moment ago" by aligning transcript timestamps with the corre-
sponding visual state.

The system utilizes a standalone browser-based design to by-
pass platform-specific SDK limitations, ensuring it functions across
Zoom, Teams, or local presentations. The interface is deliberately
minimal to support cognitive accessibility, featuring only a live
transcript panel and a natural-language Q&A field. This "quiet" de-
sign philosophy ensures the tool does not add to the visual clutter
of modern meeting applications, providing responses only when
explicitly prompted by the user.

4 Demonstration Plan

During the Learning at Scale demonstration, attendees will interact
with the bot in a simulated technical presentation environment.

4.1 A "Pointing-Heavy" Technical Video

In one scenario, a participant may encounter a "pointing-heavy"
technical video, such as a circuit-building tutorial where the instruc-
tor references specific pins without verbalizing their coordinates.
Such demonstrative pronouns (e.g., "this") are a primary source of
confusion for users without visual access [17]. The participant can
type a query such as "Which component is the speaker pointing to
right now?" The Bot retrieves the most recent screenshot, identifies
the instructor’s hand position relative to the breadboard compo-
nents, and provides a text-based description [15] that grounds the
spoken instruction in the visual context.

4.2 A Mid-Demo Interruption

A second scenario demonstrates cumulative catch-up for partici-
pants who approach the demo mid-presentation. Instead of waiting
for a natural break in the talk, the attendee can ask the bot to "Sum-
marize the key points discussed in the last three minutes." The system
interprets the conversational context across multiple transcript seg-
ments to produce a coherent summary. This allows the attendee
to synchronize with the live discussion immediately, demonstrat-
ing the tool’s utility as a private resource that reframes the act of
seeking clarification from a social cost to an on-demand resource.

5 Future Work

Future work will focus on improving the fidelity of the visual-
auditory alignment, expanding the expressiveness of user profiles,
and integrating visual emotion recognition to provide participants
with nuanced insights into the affective climate of the lecture, such
as audience engagement or speaker sentiment. Additionally, we
intend to explore how honest expressions of system uncertainty can
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further reduce the risk of misinformation in high-stakes educational
settings.

6 Conclusion

Our demo illustrates how a multimodal Al assistant can bridge the
informational gaps inherent in synchronous collaborative learning.
Critically, the system treats personalization as an accessibility strat-
egy in its own right, adapting its output modality and detail level
to individual profiles.
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