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Figure 1: Overview of the TAP system pipeline. The developer’s speech is continuously transcribed and segmented into think-
aloud episodes. These episodes are processed through two complementary pathways: autonomous analysis (upper-top), where a
decision agent evaluates whether a proactive response is warranted, and context addition (lower-top), where recent transcripts,
extracted preferences, and confirmed intentions are bundled alongside the developer’s typed chat messages before reaching the

base conversation agent.

Abstract

Al-powered programming tools generate code from explicit text
inputs: prompts and surrounding code context. Yet these inputs cap-
ture only what developers choose to externalize in writing, missing
the continuous stream of design reasoning, evolving preferences,
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and spontaneous judgments that shape programming decisions but
rarely make it into goal-directed, written instructions. We present
an IDE extension that uses think-aloud speech as a new channel of
context for Al code generation. The system continuously captures
developers’ think-aloud, maintaining a running context of their
design reasoning, preferences, and intentions that shapes every Al
action alongside existing chat-based prompts and code. Through a
within-subjects study with 11 developers, we find that think-aloud
context changed what the Al assistant produced: it incorporated
preferences and design goals that participants never typed, sur-
faced verbal frustrations as actionable suggestions, and—in rare
cases—proactively fixed errors detected from speech alone. These
effects were most visible when participants left design space open
in their typed requests, suggesting that think-aloud context com-
plements rather than replaces typed communication. Participants
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in the think-aloud condition trended toward a stronger sense of
collaboration with the AT assistant, and the majority preferred it
for creative prototyping—though opinions on the naturalness of
thinking aloud while coding were mixed. Our findings suggest that
think-aloud speech can provide Al tools with rich preference and
intent information that would otherwise go untyped.
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1 Introduction

An explosion of Al-powered code generation tools has begun to
reshape how programmers at all experience levels author code,
with some estimates pointing to 50%+ of code at major technology
companies being authored by Al These tools overwhelmingly rely
only on direct text-based prompting to capture programmer intent,
limiting their scope of communicated intent to the explicit instruc-
tions programmers enumerate. When collaborating with humans,
however, human programmers also have access to a less-formal,
continuous stream of design reasoning, evolving preferences, and
spontaneous judgments that are often spoken aloud, as in pair pro-
gramming. Though rarely articulated to Al code generators, the
data in this stream could offer additional context for Al tools to
make better decisions that are better aligned with the evolving
intent of the human programmer.

In this work, we present one way to implement explicit capture of
this stream: TAP, a think-aloud IDE that captures (via audio record-
ing and transcription) a stream of think-aloud speech containing
reasoning, reflection, and preference information. This transcrip-
tion is then included in the context window as alongside requests
for code generation, as well as analyzed for any urgent requests
which are then responded to immediately (rather than waiting for
a new text chat request to be sent). Drawing on Krosnick et al’s
paradigm of Think Aloud Computing [8], we expect these transcript
slices to offer AI models additional useful intent context around the
explicit requests users make—just as human collaborators working
on code together will ground, examine, and justify their evolving
intent in real-time with each other.

Through a N = 11 within-subjects lab study of developers, we
explore how TAP’s think-aloud captures influence how a chat-
based coding session unfolds compared to an identical IDE that
ignored think aloud content. We find that think aloud content is,
in fact, used by the Al both implicitly and explicitly, and that this
content is helpful for generating preference and intention models
of preferences and intentions that aren’t explicitly written down.
These uses are overall received positively by our participants, who
feel a stronger sense of collaboration with the Al assistant when
using think aloud. These effects appear greater when participants
leave the design space open while working through a task. Our
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findings suggest that think aloud content can thus provide a rich
additional channel for preference and intent information that might
otherwise have gone “untyped”

Our work makes several contributions:

(1) TAP, an IDE that includes think aloud capture and use of
that data to support goal alignment between TAP’s human
user and its Al programmers.

(2) An preliminary investigation of whether, and when, think
aloud data can be useful, including an exploration of a fwe
different ways of using this data: to proactively respond,
to update a preference and intention model, or to provide
additional nuance to or a spontaneous evaluation of the
system under design.

2 Related Work

TAP’s design draws on several threads of recent research, in par-
ticular on Al-powered code generation, pair programming, and
think-aloud computing and protocols more generally.

2.1 AI-Powered Code Generation

From Vibe Coding [1, 14] to purpose-built Al-powered IDEs both
real (e.g., [7, 10, 18]) and speculative (e.g., [15]), to studies of expert
and non-expert programmer behavior (e.g., [2, 6, 11, 13, 16]), much
has been written about the methods and experiences of program-
ming with Al assistance. These threads converge on some common
themes: LLMs enable intent specification at many different levels
of abstraction, but this comes with challenges; understanding what
generated code does is not always trivial (nor always desired or
required); design requirements change over time, and systems must
adapt to these.

Through this work, we aim to complement these themes by
investigating how a common human-human interaction paradigm,
think-aloud practice, can aid in intent elicitation and capture.

2.2 Pair Programming, Think Aloud, and
Collaboration

In human-human contexts, continuous verbalization, as in the
driver-navigator dynamics of pair programming [3, 17] and think-
aloud protocol analysis [5, 9], serves as a primary mechanism for
making problem-solving processes observable. These vocalized
streams surface hypotheses, structural planning, and intermediate
debugging steps that are often ignored by discrete code commits
or in formal documentation [4]. Recent advancements in conversa-
tional Al and chat-integrated IDEs [12] have begun to incorporate
natural language dynamics into the programming environment,
enabling developers to iteratively discuss and refine code through
synchronous, turn-based dialogue. Studies evaluating these inter-
actions note that the need to formulate explicit, well-structured
prompts and shift attention between writing code and managing di-
alogue can introduce measurable cognitive load and context switch-
ing [2, 16]. Our work explores the intersection of these domains,
investigating how supplementing discrete conversational turns
with continuous, ambient verbalization, mirroring traditional think-
aloud methods, might provide Al assistants with a real-time stream
of programmer intent while mitigating the cognitive overhead of
active prompt formulation.
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3 System Design

TAP is a think-aloud system built within an existing Al-powered
web-based IDE [anonymous for review] for programming p5. js
sketches. This IDE provides a chat-based coding agent that can di-
rectly read and edit developers’ code, a code editor with in-line code
diffs, and a live output panel and console logs. TAP extends this IDE
with a pipeline that continuously listens to developers’ think-aloud
speech, processes it to extract actionable context, and incorporates
that context into the requests made of the Al coding assistant. The
system’s design was iteratively refined through repeated testing
with two CS PhD students over several weeks, which informed key
decisions throughout the TAP system design described below.

TAP utilizes think-aloud speech through two complementary
pathways:

(1) Automatic Analysis: when there is a pause in the developer’s
think-aloud, the system evaluates whether a proactive re-
sponse from the Al assistant is warranted. If so, this response
is provided to the developer.

(2) Think-aloud Context Addition: collected think-aloud tran-
scripts and extracted developer preferences plus intentions
are always supplied with with typed chat messages, giving
the Al assistant access to the developer’s recent thinking.

Both pathways share a five-stage pipeline: real-time speech tran-
scription, pause-based processing, classification, preference and
intention extraction, and context incorporation into the main con-
versation.

3.1 Speech Capture and Processing

TAP maintains a continuous streaming connection to a cloud-based
speech recognition service!, transcribing the developer’s think-
aloud in real-time. A finalized transcript accumulates as the devel-
oper continues speaking. We display a microphone icon with added
visual indication to provide ambient awareness that the system is
listening.

The system segments think-aloud into coherent episodes us-
ing pause-based processing: a 2-second pause in the developer’s
speaking triggers automatic analysis of the collected think-aloud
transcript. Through iterative testing we found this duration bal-
anced responsiveness with avoiding premature segmentation of
developers who briefly pause mid-thought. Before initiating the
automatic analysis, the system checks a multi-channel activity mon-
itor that tracks the recency of speech, typing, and code editing. If
the developer is actively typing or has text in the chat input field,
automatic analysis is suppressed, with the assumption being that a
typed message, a deliberate, goal-driven communicative act, will
take precedence over the speech content. This suppression only
applies to the automatic processing pathway. The accumulated
think-aloud transcript is still incorporated as context when a typed
message is sent. If new speech arrives before the current automatic
processing is completed, it is appended to the pending think-aloud
segment and the in-progress analysis is canceled, ensuring the
system always evaluates complete recent context.

1We used Deepgram’s Nova-3 model
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3.2 Classification and Proactive Response

A dedicated decision agent classifies each processed think-aloud
segment to determine whether the AI assistant should respond
proactively. The agent receives the collected think-aloud transcript
along with recent conversational context and a reaction annota-
tion: a flag indicating whether the think-aloud arrived within 30
seconds of an Al assistant code change, which helps distinguish
evaluative commentary (“hmm, that doesn’t seem right”) from in-
dependent thought. It returns a structured decision: whether to
respond, at what urgency (immediate, can_wait, or none), and a
category (question, error, stuck, confusion, or observation).
The agent is prompted to adopt conservative behavior, defaulting
to silence. TAP uses speech as an ambient context channel, not a
voice command interface: the developer is thinking out loud, not
issuing instructions. Most think-aloud speech (self-directed ques-
tions, planning statements, self-encouragement) does not warrant
a response and risks interruptions, disturbing the developer’s flow.
Early iterations confirmed this concern: without strong constraints,
the system triggered frequent false positives that our pilot test de-
velopers found disruptive. The decision agent prompt therefore
explicitly provides common think-aloud patterns to ignore, reserv-
ing proactive responses for clear knowledge gaps, error reports, and
genuine stuck states. In our final version of the system, proactive re-
sponses were rare, most often triggered when developers mentioned
bugs or errors. Post-decision filtering applies category-specific con-
fidence thresholds, for example, questions require higher confidence
than error reports, since self-directed questions are common during
think-aloud. If a segment passes all filters, the collected transcripts
are formatted as a timestamped message and routed to the base
conversation agent, which is instructed that this message originates
from the developer’s think-aloud rather than a direct chat request.

3.3 Preference and Intention Modeling

Two extraction agents run in parallel alongside classification, each
building a running model from the think-aloud stream that persists
across the session.

Preference extraction captures the developer’s aesthetic choices,
creative goals, feature ideas, and satisfaction or dissatisfaction sig-
nals. It runs every three think-aloud segments, or immediately
when a segment is annotated as a reaction to a recent code change
since reactions are especially rich in preference signal (e.g., "I like
how those colors look" or "the UI feels too rigid"). Each extraction
returns the full updated preference state with incremental seman-
tics: new preferences are added, contradicted ones removed, and
stable entries preserved.

Intention extraction captures confirmed action plans — things
the developer has decided to do but has not yet asked the Al assis-
tant for help with (e.g., "I'm going to add a larger set of words to
this flashcards application"). During iterative design testing, we ob-
served our pilot developers frequently verbalizing such plans with-
out ever typing them, representing actionable signal that was other-
wise lost. The extraction agent uses strict inclusion criteria, distin-
guishing committed plans ("next I'll work on the background") from
vague exploration ("maybe I could..”), observations, and questions.
Extracted intentions follow a life-cycle: they begin as pending,
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are marked delivered once incorporated into a conversation, and
expire after 20 minutes to prevent stale plans from persisting.

3.4 Think-aloud Context Incorporation

When the developer sends a typed chat message, TAP constructs
a context bundle that is supplied alongside the message to the
Al coding assistant. This bundle contains three components: 1)
recent think-aloud transcripts from the last five minutes, split into
new and already-addressed thoughts, 2) a summary of the current
preferences, and 3) saved pending intentions, filtered against the
typed message to avoid repeating what the developer is already
asking for. Each component is replaced on every message, so only
the most recent snapshot is retained in conversation history.

The base conversation agent’s prompt instructs it to apply pref-
erences proactively, incorporating them into generated code and
suggestions, weaving in confirmed intentions naturally (e.g., "Build-
ing on your idea to.."); and to avoid meta-commentary about the
think-aloud process. The goal is for the AI to behave as though it
has been present in the room, aware of the developer’s evolving
thinking without drawing attention to the mechanism.

4 User Study

We conducted a within-subjects study to answer two research ques-
tions:

RQ1: Does capturing developers’ live think-aloud speech as
context for Al code generation improve intent capture com-
pared to chat-only interaction?

RQ2: Do developers prefer the outcomes and interaction model
of think-aloud-assisted coding over chat-only?

The underlying Al assistant? was identical across conditions. Fol-
lowing the Al-powered IDE’s design [anonymous for review], the
conversation agent guided participants through a user-centered de-
sign process, identifying target users, evaluating needs, and propos-
ing approaches before generating code. The agent did not provide
in-line code suggestions; instead, it engaged conversationally and
then directly wrote or modified the project code. This interaction
model makes the communication between developer and Al central
to the quality of the code, and thus a meaningful way for studying
the impact of think-aloud speech context.

4.1 Participants

We recruited 11 participants (6 female, 4 male, and 1 undisclosed)
from university mailing lists and lab networks, aged 18-34. Pro-
gramming experience was required and it was distributed as 1-2
years (3), 3-5 years (5), and 6-10 years (3). Almost all were regu-
lar users of Al coding tools: five used them daily and four several
times per week. Seven had some JavaScript familiarity and only
one had used p5.js before. None had previously used our system.
Participants were compensated $30 for a 75-minute remote session
conducted over Zoom.

4.2 Tasks and Conditions

Participants completed two coding tasks under two conditions.
In the think-aloud (TA) condition, TAP’s think-aloud capture

2We used OpenAI's GPT-5.4 model for all LLM calls.

Chetan Goenka, J.D. Zamfirescu-Pereira, and Bjoern Hartmann

pipeline was active; the system continuously transcribed partici-
pants’ think-aloud, extracted preferences and intentions, and in-
corporated this context into every Al interaction. In the control
(C) condition, think-aloud capture was disabled and participants
interacted with the Al exclusively through typed chat.

Participants were asked to think aloud in both conditions. Be-
fore the TA condition task, the facilitator additionally informed
participants that the Al would use their think-aloud as context in
its responses. This design was chosen to isolate the effect of the
system’s use of think-aloud context, rather than the act of thinking
aloud itself.

Participants completed two 22-minute p5.js coding tasks, one
per condition, designed to be comparable in scope, complexity, and
design ambiguity:

Vocabulary Building App - Build an app to help a user learn
vocabulary words.

Habit Tracker App - Build an app to help a user track daily
habits and see progress over time.

There were no build requirements and the design was intention-
ally left open-ended so that the user’s creativity wasn’t constrained,
with the assumption that it would elicit more and a wider range
of think-aloud directions. The 22-minute task duration, was also
a deliberate choice informed by pilot testing. Shorter sessions (15
minutes) cut participants off before they could move past the initial
specification stage into iterative refinement. The iteration phase
think-aloud had most distinctive signal: reactions, evaluations, and
reasoning that rarely appeared in typed messages. The longer du-
ration allowed participants to experience the full arc of building
an application from scratch, preserving creative freedom without
constraining them to pre-loaded starter code.

We used 2x2 counterbalancing across task—condition pairings.
Due to a group assignment error, groups were unevenly distributed
(4-4-1-2 across the four groups). Condition order remained nearly
balanced (5 TA-first, 6 C-first).

4.3 Procedure

Each 75-minute session began with consent, brief background ques-
tions, and a 7-minute tutorial plus sandbox introducing the IDE
and its chat-based workflow. Participants then completed the two
22-minute tasks with a post-task questionnaire after each, followed
by an open-ended questionnaire-based exit interview comparing
the two conditions. The think-aloud context feature was introduced
only immediately before the TA condition task and not during the
tutorial to avoid priming participants during the control condi-
tion. The facilitator described the study as an evaluation of "an
Al-powered coding tool" without revealing its focus on think-aloud
speech. Participants were told that completing a polished app was
not the goal, and if a participant finished early and was unsure how
to continue iterating, they were suggested to ask the Al assistant
for its ideas on further development.

4.4 Analysis & Evaluation

After each task, participants completed a 10-item questionnaire
(5-point Likert scale) spanning five categories: Al alignment and
understanding (3 items; e.g., "The Al seemed to understand my goals
and intent"), communication and expressiveness (2 items), cognitive
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load (1 item), collaboration quality (3 items), and outcome satisfac-
tion (1 item). After the TA condition, three additional items assessed
the think-aloud experience (naturalness, self-consciousness, and
whether thinking out loud helped reasoning). Exit interview ques-
tions asked participants to directly compare conditions, including
which they preferred and whether the Al understood them better
in one condition, followed by open-ended questions on their expe-
rience using the system. We also collected screen recordings, Al
chat logs, think-aloud transcriptions, code version histories, and
additional logs documenting what the Al use as context each turn.

5 Findings

We report findings from our within-subjects study (n=11) compar-
ing the think-aloud (TA) and control (C) conditions. We first present
quantitative questionnaire results, then qualitative findings from
thematic analysis of TA session logs.

5.1 Quantitative Analysis

Participants rated their task-system experience on 10 Likert item
(5-point scale, reverse coded where applicable) after each condition.
Both conditions received favorable ratings overall (Cronbach’s a =
0.70 (C), 0.75 (TA)). No individual items reached statistical signifi-
cance (Wilcoxon signed-rank were all p > 0.05) which is expected
given our sample size. Nevertheless, directional trends favored
the TA condition on shared-goal understanding (TA M=4.45 vs. C
M=4.18), expressiveness (TA M=4.18 vs. C M=3.82), and collabora-
tion (TA M=3.36 vs. C M=3.00). The collaboration and shared-goal
understanding items showed the largest effect sizes (r=0.55 and
r=0.48 respectively). suggesting that think-aloud may most strongly
influence the felt sense of working together even if the effect is not
statistically significant at this sample size.

In the TA specific reflection items, most participants agreed that
thinking out loud helped them think through the problem (M=3.82,
SD=0.75). Opinions were mixed on naturalness (M=3.00, SD=1.10)
and self-consciousness (reverse coded, M=3.27, SD=1.19). When
asked which version of the system they would prefer using, 8 out
of the 11 participants expressed a preference for the TA version.
However, many said it was context-dependent, favoring the TA
version for creative prototyping or visual projects over large-scale
or backend work. Many that preferred the TA version also stated
that thinking out loud was unnatural for them and that they might
forget to think out loud when using the TA version of the system.

5.2 How Think-Aloud Context Influenced Al
Behavior

To understand when and how think-aloud context shaped the AI’s
responses, we conducted a thematic analysis across all 11 TA session
logs. Researchers reviewed context addition logs, chat transcripts,
and the preference and intention model TAP maintained during
each each session, coding instances where think-aloud context
clearly influenced the Al assistant’s response. Three codes emerged:
Untyped Code Influence (the Al assistant makes code changes
informed by think-aloud context that was not present in the chat
message), Think-Aloud-Based Suggestion (the Al assistant pro-
poses a feature or direction in a chat response based on context
that was only mentioned out loud), and Intent Capture (TAP’s
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preference and intention models record goal or preferences the
developer never typed).

Untyped Code Influence occurred in 7 out of the 11 sessions,
Think-Aloud-Based Suggestions in 8 of 11, and Intent Capture
was universal, ranging from 6-45 untyped items per session). Five
sessions also included proactive responses — instances where TAP’s
classification agent detected an error or stuck state from think-
aloud speech and automatically routed the transcript to the Al
assistant, triggering a response or code fixes. Consistent with TAP’s
conservative threshold for intervention, these were rare (1-2 per
session when they occurred).

5.2.1 llustrative Instances. The following examples illustrate dis-
tinct ways in which think-aloud context shaped Al assistant behav-
ior.

Think-aloud context flowing into code: P11 typed a request
about “color palette and pop-up experience,” but the Al assistant
also added a lace trim and gingham background pattern, directions
the participant had only confirmed in their think-aloud. TAP’s
preference model had captured these aesthetic goals from the think-
aloud stream and included them in the context bundle sent with the
typed message. The participant shortly after confirmed awareness
of this during the session: “I remembered the lace trim, which is
cool. I don’t think I restated that when I typed it” Similarly, P7 sent
a chat message saying “add a shuffle button,” and the Al assistant
also capitalized inconsistent button labels that the participant had
only verbally noted were “bugging me”

Verbal frustrations surfacing as suggestions: P9 typed a
request to “create a leaderboard,” the Al assistant acknowledged
that and also suggested fixing an accidental-click UX bug that the
participant had only complained about out loud. TAP’s preference
model had logged this frustration as a dissatisfaction signal, and
the Al assistant surfaced it as a suggestion alongside the unrelated
chat message.

Proactive interventions from speech: In P6’s session, the par-
ticipant encountered a broken navigation screen and said out loud:
“I don’t think there’s a back to a home page button... Does this next
button even work? It’s stuck” TAP’s classification agent flagged
this as an error with immediate urgency and automatically routed
the transcript to the Al assistant, which independently pushed a
fix without the participant ever typing a bug report.

5.2.2  Condition for Influence. Two participants (P2 and P4) showed
no Untyped Code Influence. In these cases, participants typed
lengthy or highly specific goal-directed prompts that left little to
no room for think-aloud influence. This suggests that think-aloud
influence is most visible when participants leave the design space
open when working through a task.

5.3 Participant Awareness

We analyzed moments where participants verbalized awareness
that the Al assistant was using their think-aloud as context. Five
out of 11 participants (P1, P3, P7, P10, P11) had such moments dur-
ing the TA sessions. Reactions ranged from brief surprise to (“Oh,
it caught that. That’s crazy” —P10) to reflective appreciation (“I
did kinda have a lot of thoughts, so I'm glad that the voice part is
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helping to contextualize” —P7). P3 explicitly tested the system’s lis-
tening by wondering out loud if it had captured a feature idea, then
confirmed it by saying “Oh yeah, it heard it. Oh, nice... Yeah, perfect.
That’s exactly what I wanted” These moments suggest that when
participants noticed the think-aloud influence, it reinforced trust
and engagement with the system. The absence of such moments
in the remaining sessions does not imply that the influence went
unnoticed, participants may not have verbalized their awareness of
the system listening while thinking out loud. The participants who
verbalized awareness were also ones who felt less self-conscious
about thinking out loud.

6 Limitations and Future Work

TAP is one approach to capturing a think-aloud stream, but many
others exist and are worth studying. One relatively large limitation
of TAP is that it does not explicitly elicit think aloud utterances from
users—in our study, that task fell to the interviewer. Future work
should examine the degree to which think aloud can be elicited at
all, and how systems like TAP should respond to those utterances
in synchronous real-time.

Our user study also has several limitations. While directional
trends and effect sizes are informative, our small sample size (n=12)
limits the statistical power of our quantitative results and they
should be interpreted with caution. A counterbalancing error re-
sulted in uneven group distribution (4-4-1-2 across task—condition
pairings), though condition order remained nearly balanced (5 TA-
first, 6 C-first). Both tasks involved creative front-end prototyping
in p5.js, a context where think-aloud is naturally expressive and
participants noted they might not prefer the Think-aloud system
for backend or large-scale projects.

7 Conclusion

In this paper we present TAP, a system that captures developers’
think-aloud speech as context for an Al coding assistant. In a within-
subjects study with 11 participants, we found that incorporating
think-aloud context enabled the Al assistant to make code changes,
propose suggestions, and capture preferences and intentions, in-
formed by words that were not present in goal-driven chat prompts.
Participants felt a stronger sense of collaboration with the AT as-
sistant when using the think-aloud system, and the majority pre-
ferred it for creative prototyping tasks. These findings suggest that
think-aloud speech is a promising channel of context for human-
Al communication during programming, complementing typed
interaction.
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