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Abstract
We present a visual traceability interface that enables users to verify
AI-generated answers by navigating from natural-language outputs
to original meeting audio. Even with textual evidence, RAG users
still struggle to verify whether answers come from specific utter-
ances or from transcription or summarization errors. Our system in-
troduces a four-level interaction model connecting (1) AI-generated
answers, (2) contributingmeetings, (3) summarizedmeeting chunks,
and (4) time-aligned utterance-level audio. The interface lets users
traverse this evidence chain and directly play the corresponding
audio segments. We demonstrate how audio-grounded traceability
supports answer verification, error detection, and trust calibration
in AI-assisted meeting analysis.

CCS Concepts
•Human-centered computing→User interface management
systems; Auditory feedback; • Computing methodologies →
Information extraction.
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1 Introduction
Meeting retrieval systems increasingly rely on retrieval-augmented
generation (RAG) to answer questions across recorded meetings [1,
5, 9]. Recent work on open-domain question answering also high-
lights the importance of providing explicit evidence to support
generated answers [3]. However, users struggle to verify whether
AI-generated answers truly originate from specific utterances. Even
when textual evidence is shown, transcription, summarization, or
retrieval errors may obscure the connection between answers and
the original meeting [6]. From a human–computer interaction (HCI)
perspective, this creates a gap between AI capability and user trust,
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Figure 1: System architecture for meeting retrieval with
audio-grounded traceability. Meeting audio is transcribed
and chunked for hybrid retrieval, producing answers and
evidence references linking utterances to time-aligned audio
segments.

as users often find it difficult to calibrate their expectations of
AI systems when system reasoning is not transparent [4]. Rather
than treating traceability purely as an algorithmic problem in RAG
pipelines [2, 10], we approach it as an interaction design challenge.
We present an interface that allows users to navigate from AI-
generated answers back to original meeting audio through multiple
evidence levels. This demonstration contributes:

• an interactive traceability interface linking answers, meet-
ings, chunks, and utterance-level audio,

• a navigation mechanism that exposes the evidence structure
underlying RAG-based meeting retrieval, and

• an audio-grounded verification workflow that allows users
to inspect AI outputs using original meeting audio.

2 System Overview
2.1 Architecture
Figure 1 shows the system architecture. Meeting audio is tran-
scribed into utterances and grouped into chunks for retrieval. Stan-
dard hybrid sparse–dense retrieval gets relevant chunks and gen-
erates answers with structured evidence. Each utterance is linked
to a time-aligned audio segment for playback and verification. The
main contribution is the four-level traceability interface and audio-
grounded verification workflow built on this standard backend.
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Figure 2: Interactive interface for tracing AI-generated an-
swers back to meeting audio. Users navigate from (0) query
to (1) answer, (2) meetings, (3) chunks, and (4) utterance-level
audio evidence.

2.2 Four-Level Traceability Model
Figure 2 shows the core interaction model of the interface, which
consists of four levels:

(1) Answer: A natural-language response generated by the sys-
tem.

(2) Meeting: A list of meetings that contributed to the answer,
each with a brief relevance explanation.

(3) Chunk: Summarized segments within each meeting used to
construct the answer.

(4) Utterance and Audio: Individual utterances with timestamps
that can be played directly.

These levels move from abstract to granular evidence, letting
users inspect provenance from summaries to raw audio as needed.
This design addresses challenges associated with long-context rea-
soning and the loss of intermediate evidence in retrieval-augmented
systems [12].

3 Interaction Design and Demonstration
This work is presented as an interactive demonstration. Instead of
quantitatively evaluating retrieval accuracy or answer quality, the
demo lets attendees experience how answers can be inspected and
verified through audio-grounded evidence.

3.1 Interface
The interface uses a fixed two-column layout: queries and answers
on the left, and hierarchical evidence cards on the right for side-by-
side comparison. Meeting cards show titles and relevance explana-
tions, chunk cards provide summaries and expandable utterances,
and utterances include timestamps and playback controls. This
card hierarchy and progressive disclosure guide users from answer
summaries to primary audio while preserving query context. Vi-
sualization approaches have been widely explored to expose the
internal reasoning or attention structures of neural models and
improve interpretability of AI systems [11]. The demonstration
highlights several interaction capabilities:

• Verifying answers through direct audio evidence
• Detecting transcription or summarization errors
• Navigating evidence across multiple abstraction levels

Rather than presenting a single “correct” answer, the interface
supports interactive exploration of meeting content. These capabil-
ities support trust calibration by allowing users to decide when to
rely on AI-generated answers and when to consult primary audio
evidence. This perspective aligns with HCI research on inspectable
memory structures and transparent interaction for conversational
agents [8].

3.2 Demonstration
In a typical scenario, a user asks a question such as “What risks
were discussed regarding option A?” The system retrieves rele-
vant meetings and generates an answer. The evidence panel shows
contributing meetings and chunks. Users can expand chunks and
play utterance-level audio to verify the answer. Attendees can try
different queries and observe how the evidence trail changes. Pre-
computed indices ensure responsive interaction during the demo.

4 Limitations and Discussion
Traceability improves transparency but does not guarantee cor-
rectness: users must still interpret how utterances support claims,
and multi-level navigation may increase cognitive load for com-
plex queries. The current card-based visual design is also rela-
tively conventional, and future work should explore richer evi-
dence overviews, visual encodings, and adaptive interfaces while
preserving access to primary audio.

5 Conclusion
This demonstration presented an interactive traceability interface
that enables users to move from AI-generated answers to original
meeting audio. By framing traceability as an interaction design
problem rather than a purely algorithmic one, the system allows
users to verify and explore AI-assisted meeting retrieval. This con-
tribution complements recent advances in conversational QA and
RAG models [7] by focusing on user-centered inspection and verifi-
cation rather than model accuracy. We believe that enabling users
to move from answer to audio offers a practical way to engage
with AI outputs and supports more transparent and trustworthy
intelligent interfaces for meeting analysis.
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