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Abstract

Conversational LLMs have been widely adopted by domain users
with limited programming experience to solve domain problems.
However, these users often face misalignment between their intent
and generated code, resulting in frustration and rounds of clarifi-
cation. This work first investigates the cause of this misalignment,
which dues to bidirectional ambiguity: both user intents and coding
tasks are inherently nonlinear, yet must be expressed and inter-
preted through linear prompts and code sequences. To address this,
we propose direct intent—task matching, a new human-LLM interac-
tion paradigm that externalizes and enables direct manipulation of
the LLM understanding, i.e., the coding tasks and their relationships
inferred by the LLM prior to code generation. As a proof-of-concept,
this paradigm is then implemented in NeuroSync, which employs a
knowledge distillation pipeline to extract LLM understanding, user
intents, and their mappings, and enhances the alignment by allow-
ing users to intuitively inspect and edit them via visualizations. We
evaluate the algorithmic components of NeuroSync via technical
experiments, and assess its overall usability and effectiveness via a
user study (N=12). The results show that it enhances intent-task
alignment, lowers cognitive effort, and improves coding efficiency.

CCS Concepts

+ Human-centered computing — Graphical user interfaces; HCI
theory, concepts and models; « Computing methodologies —
Discourse, dialogue and pragmatics.
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1 Introduction

Programming is an essential and practical tool for domain users
to solve problems within their areas of expertise. For instance, a
marine biologist might need to analyze large amounts of ocean data
to study climate change or marine ecosystems. These domain users
often lack programming skills and struggle to implement these so-
lutions themselves. Conversational Large Language Models (LLMs),
such as ChatGPT, have become popular among these users [65]
because they allow users to express their problem-solving intents
through natural language prompts and receive automatically gen-
erated code. This lowers the barriers to leveraging programming
to solve problems. Despite this benefit, users frequently encounter
misalignment between their intents and the code generated by
LLMs [52]. This misalignment typically leads to repetitive cycles of
clarification and debugging, causing frustration and task failure.
Current efforts addressing misalignment generally fall into two
categories. The first body of work focuses on improving user-to-
LLM communication, aiming to help users formulate clear and struc-
tured prompts, such as logically organized coding tasks or pseudo-
code [64, 71]. The second targets LLM-to-user communication, which
seeks to enhance users’ understanding of generated code via in-
teractive explanations and visualizations [65, 66]. While effective,
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they are primarily designed to support professional programmers,

who have the expertise to decompose problems into coding tasks
and interpret the generated code. In contrast, domain users lack

the expertise to identify or articulate misalignment through direct
interaction with code. They instead rely heavily on conversational
interactions with LLMs, and often result in notable friction to com-
plete their tasks with current approaches.

To better understand why misalignment exists during the con-
versational process and how it can be e ectively addressed, we
conducted a two-phase formative study with six domain users to in-
vestigate this problem. In the rst phase, we analyzed human-LLM
conversation histories arising from their daily work. We uncovered
bidirectional ambiguityas a key reason for misalignment: both user
intents and coding tasks are inherently nonlinear and dynamic,
yet must be communicated through linear prompts and code rep-
resentations. Building on this insight, the second phase centered
on nding suitable visual representations for alleviating such mis-
alignment. We explored graph visualizations for non-linear coding
tasks and employed a tech probe to evaluate their pros and cons.

Upon deeper understanding of tHedirectional ambiguitywe
propose a novel human-LLM interaction paradigm calldiect
intent task matchingto address this issue (Fig. 1). In traditional
paradigms, LLMs generate code directly from user prompts without
revealing their internal understanding . In contrast, our approach
introduces a transparent process that externalizes thé/1 under-
standing which refers to the coding tasks and their relationships.
These tasks and relationships are inferred by the LLM from a user's
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Figure 1: Comparison between the proposed direct in-
tent task matching paradigm and the traditional paradigm
for user-LLM interactions in programming.

Figure 2: Overview of NeuroSync, a proof-of-concept imple-
mentation of the direct intent task matching paradigm. Neu-
roSync takes user prompts as input, extracts the LLM under-
standing, enables users to re ne this understanding through
graph-based visualizations, and feeds the re ned understand-
ing back to the LLM to generate code that more accurately
aligns with user intents.

prompt and serve as the basis for the code it generates. This para- cognitive load, and enhances coding e ciency, con rming the ef-

digm allows users to directly interact with theLM understanding
diagnosing and correcting any inaccuracies or misalignment, before
code is generated.

We operationalized this paradigm in a proof-of-concept system

named NeuroSync. As shown in Fig. 2, when a user inputs a prompt,

NeuroSync rst extracts the LLM understanding, user intents, and
their mappings. It then visualizes the LLM understanding as a
graph and user intents as a tree, allowing users to manipulate and
re ne the graph according to their intents visualized in the tree.

Once the user con rms, NeuroSync generates and displays code

guided by the updated LLM understanding, ensuring it accurately
aligns with the user intents. Furthermore, NeuroSync incorporates
two algorithmic components to address two critical challenges
during the process. First, users often lose track of how the LLM
understanding graph evolves while the intent changes, especially
when the graph grows more complex. We thus designed an intent-
aware graph simplication algorithm that can identify the nodes
related to the intent changes, allowing for emphasizing them in

fectiveness oflirect intent task matchings a novel conversational
coding paradigm for non-professional programmers.
In summary, our contributions are threefold:
We introducedirect intent task matchinga paradigm that exter-
nalizesLLM understandingenabling domain users with limited
programming expertise to re ne and align coding tasks with
their intents before code generation.
We develop NeuroSync, a proof-of-concept system that imple-
ments this paradigm with interactive graph-based visualizations
and two algorithmic components: a simpli cation algorithm to
manage graph complexity and a distillation pipeline for faster
extraction of LLM understanding.
We validate NeuroSync through technical experiments and a user
study, demonstrating its ability to improve intent task alignment,
reduce cognitive load, and enhance coding e ciency.

2 Related Work

the visualization. Second, extracting LLM understandings and user 2.1 ~Human LLM Alignment in Coding

intents can be computationally heavy. We then leveraged a novel
distillation pipeline to ne-tune small language models to enable
faster extraction.

We carried out technical experiments to assess the graph im-

plications algorithm and the distillation pipeline, revealing the
e ectiveness of our designed algorithms. We further evaluated
NeuroSync through a controlled user study with 12 domain users,

Human LLM alignment seeks to ensure that LLM outputs re ect
users' intentions, particularly in code-based problem-solving sce-
narios [59 6(. Two key issues are commonly identi ed: how to help
users formulate e ective instructions, and how to assess whether
the generated outputs match their intents [43].

Prompt engineering is the primary approach for improving align-
ment in conversational coding systems. Sarkar et 4l highlight

compared to a customized baseline. The results demonstrate that users' iterative re nement of prompts, describing this iterative pro-
NeuroSync substantially improves intent task alignment, reduces cess asbstract matchingwhich re ects Norman's gulf of execu-
tion [17]. In addition to this, users also encounter a related cognitive
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Table 1: Demographics of Participants in the Formative Study. "Exp. denotes their user experience within their respective
domains. “Task' indicates the speci ¢ tasks performed according to their provided dialog history. "Rounds' represents the

number of conversation rounds conducted.

ID Domain Exp. Task Interaction Mode/LLM Name Rounds

P1 Design (Ph.D.) 1.5Years Web article crawlers with python Coding Mode/Qwen 11
P2 Electric Grid (UG) 0.5 Years Signal analysis with Matlab Chatting Mode/Doubao 13
P3 Clinical Medicine (Ph.D.) 6 Years Medical image processing and classi cation with Pythddhatting Mode/Kimi 21

P4 Theory Math (Ph.D.) 3 Years Table drawing and adjusting with Latex Coding Mode/Qwen 8

P5 Policy Making (M.S.) 1 Year Interview data analysis and visualization with python Coding Mode/GPT-40 13
P6 Economics (M.S.) 5 Years Financial data analysis and visualization with python Data Analysis Mode/GPT-40 29

barrier known as the gulf of envisioning $7, where articulating
clear tasks and anticipating model outputs is challenging. To bridge
this cognitive gap, prior works have proposed various strategies
such as in-context learning7, 26, structured decomposition ap-
proaches€.g.Al Chains [64, CoLadder 1]), and thefeedforward
mechanism 81, 46 5§. Among them, CoLadder71] uses unidi-
rectional, monologue-driven interaction and content in block or
chain Uls [64] are generated statically rather than automatically
adapting to users' changing intent during usage, while NeuroSync

Approaches such as real-time explanatio®sg€ and visualization-
based presentation$[ have been proposed to ease understanding.
Unlike these post-generation methods, NeuroSync intervenes be-
fore code generation, explicitly visualizing tasks and their relations,
thus reducing cognitive complexity at an earlier stage.

2.2 Graph-Based Interfaces for LLM Interaction
Conversational LLM interfaces predominantly adopt linear interac-

is used in a bidirectional dialogue scenario and generates editable, tion ows, where user prompts and model responses are serialized

simpli ed graphs on the y based on dynamic user intents in each
interaction round.

Feedforward speci cally anticipates outcomes before actions
occur by prompting the model to generate interactive previews,

in turn [65. While simple, such interfaces struggle with complex
tasks due to high cognitive loadH, versioning issues{1], and
limited user control BQ, 7. To overcome these limitations, re-
cent systems explore alternative interaction paradigms for complex

such as predicted visual outputs, code suggestions, or descriptive tasks like creative desigrb[, exploratory analysesd4, and data
summaries, based on user input. These previews help minimize analysis programming [65].

unnecessary clari cation rounds, bridge abstraction gaps between
users and Al 28 50, 56, and support users' metacognitive reason-
ing [59. Compared to existing work28 that directly presents real
LLM-generated code directly as feedforward informatic&td], Neu-
roSync externalizes the LLM's internal understanding the tasks
and their relationships that are implicitly encoded in the generated
code before code is generated. This reduces the cost of iteration
and ensures consistency between preview and nal output via
knowledge distillation [11].

Alignment and intent speci cation challenges are also well-
studied in program synthesis, where the focus has shifted from
complete formal speci cations to interpreting ambiguous, high-
level user intents. To address this ambiguity, interactive methods
re ne intent through user feedback, such as selecting distinguish-
ing inputs to disambiguate candidate progran?[ 75, or through
multi-turn conversational dialogues3d. For complex tasks, Gul-
wani's work in programming-by-example introduced divide-and-
conquer strategies]d, recursively partitioning examples, synthe-
sizing distinct programs for subsets, and composing results with
conditionals. More recently, reinforcement learning has been used
to align programs with functional correctness by rewarding models
for passing unit testsTJ. A key distinction lies in the abstraction
level: traditional pre-LLM methods emphasize code-level interac-
tions (e.g.input-output examples 13 37, execution traces§, 49,
or program sketchesq1]), whereas NeuroSync operates at the task
level, externalizing high-level LLM tasks before code generation.

Current research also highlights the cognitive load associated
with comprehending and debugging LLM-generated cotie3p, 71].

Graphs naturally represent relational structures via nodes and
edges B9, with diverse visualizations like node-link diagram& §

48 and hierarchical treesT4. Recent studies have leveraged graph-
based Uls to enhance LLM-driven management and logical reason-
ing [67]. For instance, Kim et al 1] abstract writing processes into
graphs to facilitate versioning; WaitGPT6H visualizes analysis
tasks via data- ow graphs; Promptchaine6§ and GoT 2] use
graph representations to support multi-step task decomposition.
Moreover, tools like Low-code LLMA] and CoLadder T1] employ
graph interfaces to directly organize intents and code snippets,
improving alignment and clarity.

Recognizing these advantages, NeuroSync adopts graph-based
visualizations to represent coding tasks and their relations. While
existing studies focus mostly on static graph visualizations and
cognitive load managementp], NeuroSync introduces dynamic
graph simpli cation that automatically adapts graphs in real-time
according to evolving user intents, reducing users' cognitive burden
during multi-turn interactions.

2.3 LLM Reasoning and Task Structuring

Recent advances in applying LLMs to reasoning-intensive tasks
(e.g.,programming R3, mathematics 16) have identi ed lim-
itations in reasoning capabilities of basic LLM modeld][ To
enhance reasoning, researchers proposed techniques like prompt
tuning [29 4 and structured reasoning prompts such as Chain-of-
Thought (CoT) B4, Least-to-Most (L2M){7], and Tree-of-Thought
(ToT) [69. These methods decompose reasoning into intermediate
steps, enhancing model performance on complex problems.
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CoT decomposes complex problems into linear sub-steps, which
is suitable for problems with sequential logic but has limited ability
to support nonlinear reasoningd. In contrast, methods such as
L2M [77] incrementally introduce complexity, avoiding premature
limitations in thought exploration. Variants like Path-of-Thought
(PoT) ], Concept Composition (CoCRH], and Aggregation-of-
Thought (AoT) B2 further optimize e ciency and performance.
Meanwhile, ToT explores choices via tree-structured decision points,
supporting complex multi-step tasks, with Graph-of-Thoughts
(GoT) [2] providing an aggregated state exploration approach.

These approaches aim to improve internal LLM reasoning. In
contrast, NeuroSync externalizes and exposes the LLM's inferred
task structure what we term the model'snternal understanding
before execution. While di erent in purpose, both lines of work
re ect the importance of intermediate structure in aligning model
behavior with user intent. In NeuroSync, this structure serves not
only as guidance for code generation but also as a manipulable
medium for user LLM alignment.

3 Formative Study

To examine the causes of human LLM misalignment in conversa-
tional coding and inform system design, we conducted a formative
study with domain users who have little coding experiences. The
study included (1) interaction history analysis and interviews to
uncover misalignment patterns, and (2) semi-structured interviews,
informed by a literature review, to explore e ective representations
of graphs for conveying code tasks and user intent.

3.1 Study 1: Understanding Human-LLM
Misalignment

3.1.1 Participants and Datd/e invited six participants (P1- P6)
to conduct retrospective analysis. They were from diverse domain
backgrounds with varying levels of programming experience and
education background (Tab. 1). Each provided full records of prior
real-world interactions with LLMs while performing coding tasks
for problem-solving. On average, each task had 15.83 interaction
rounds (SD = 7.76) per session, spanning four LLM platforms and
multiple programming language®(g. Python, MATLAB, LaTeX)
under di erent LLM modes.

To analyze the reasons behind misalignment during conversa-
tional code generation, we conducted an analysis on users' inter-
action history and observed that the phenomenon of LLMs failing
to accurately generate code aligned with user intent is widespread
(6/6) and leads to a number of useless interactions.

3.1.2 Analysis Protocée analyzed participants' interaction his-
tories with LLMs using an open-coding approach(. Two authors
independently coded the data and iteratively re ned the codes until

reaching agreement. The codes were then grouped into themes,

which were carefully reviewed and discussed to identify the key
ndings of the study.

We rst annotated each interaction round with: (1yser intent
inferred through participant clari cation and interaction review;
(2) Prompt quality evaluated by independent raters to assess how
well the prompt conveyed the intended task; (3)M-executed tasks
extracted from generated code and mapped to user intent.
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Figure 3: Illlustration of bidirectional ambiguity.

Building on these annotations, we further identi ed potential
misalignment points rounds where user intent remained stable but
the generated code deviated from the intended task. This process
allowed us to trace breakdowns across turns and identify underlying
causes of intent task misalignment.

3.1.3 FindingBidirectional ambiguity is a major cause of
human-LLM misalignment in conversational coding tasks.
During the conversation with LLM for coding tasks, ambiguity
is bidirectional:User-to-LLMUsers nd it challenging to clearly
express their needs and the information required by the LLM in
their prompts. For example, converting tree-like intent in Fig. 3
into prompt will lose direct structure and cause ambiguityl_M-to-
User Users struggle to understand the speci c tasks and execution
logic embedded in the code, making it di cult to provide precise
modi cation requests. For example, in Fig. 3, users need to recon-
struct codes and code relationships by themselves, which is di cult
and low ability of understanding code will lead to ambiguity. This
bidirectional ambiguity compounds over turns, causing LLMs to
produce code misaligned with user intent. As LLM capabilities
grow and inference slows, the cost of these ine ective interactions
increases.

User-to-LLM Ambiguity. Users often struggle to express their
intent clearly due to three key issues: (pnlinear intent lossJser
goals are typically hierarchical and evolve over time. However,
when mapped into linear prompts, this structure is attened, lead-
ing to semantic ambiguity and loss of global intent. @pntextual
omissionsPrompts often lack critical information due to delayed
articulation and limited user memory. LLMs, with constrained con-
text windows, may miss important prior requirements. (@xgue
modi cation guidanceDomain users, unfamiliar with code inter-
nals, frequently describe desired outcomes without specifying what
to change. This hampers LLMs to revise code accurately.
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Table 2: Comparison of di erent task representations.

Easy to Layman-

Representation Method Intuitive Modify  friendly
Task Flow Diagram (Graph) [57]9 (%] (%]
Pseudocode [34]

UML Activity Diagram [8] 1%} (%]

Decision Table [38]

Data Flow Diagram [65] 1%} (0]

Natural Language Description (0]

LLM-to-User Ambiguity. LLM-generated code embeds multi-
ple interrelated tasks, often structured nonlinearly. Users with lim-
ited programming experience face di culty in unpacking this struc-
ture, identifying task boundaries, and understanding the model's
reasoning. As a result, they may overlook unintended logic, misin-
terpret execution ow, or fail to spot partial completions, making it
hard to issue precise follow-up instructions. This impairs both com-
prehension and correction, especially in multi-round interactions
where misunderstandings accumulate.

3.1.4 Implicationsto reduce LLM-to-user ambiguity, systems

must present model-inferred tasks in a more interpretable form,
allowing users, especially those with limited coding expertise, to
understand and guide code generation without reading raw code.

3.2 Study 2: Exploring Graph-Based
Representations for Code Tasks

As discovered in Study 1, prompts and code presented in linear
forms do not e ectively convey non-linear intents or help users
understand non-linear code tasks involved in multiple rounds of
interactions. Therefore, in Study 2, we aim to explore whether
there are better representations that improve the communication
of non-linear coding tasks between users and LLMs.

3.2.1 Representation Survae rst conducted an expert-driven
ideation to enumerate common formats, and then veri ed each
through a focused review of recent representative papers. This
approach allowed us to capture a broad spectrum of practical repre-
sentations without relying on unfocused keyword searches. Results
are shown in Tab. 2. Among these, graph-based structuess. (
task ow graphs) emerged as intuitive, editable, and directly tied to
task logic. While promising, we also observed that as programming
intent evolves, task graphs can become increasingly complex, high-
lighting the need for intent-aware abstraction and scalable visual
structures.

3.2.2 Graph-Based Two-stage Extradmevaluate the feasibility

of graph-based representations in real-world interactions, we devel-
oped a prototype tool that extracts task graphs from user LLM in-
teractions. The probe processes both initial prompts and follow-up
inputs to incrementally build and update task-level representations
(Fig. 4). It supports:

Task Graph InitializationAt the rst interaction, the probe ana-
lyzes the user's prompt and the LLM's response (codes) to identify

and structure basic tasks, subtask groups, and task dependen-

cies behind the codes. The result is a hierarchical graph, where
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Figure 4: Two-stage extractor. Graph-based task representa-
tion will be extracted after the code is generated based on
the user prompt.

nodes represent tasks and edges denote logical or sequential
relationships.

Task Graph Re nemerin subsequent turns, the graph is incre-
mentally updated based on new prompts, responses, and histori-
cal context. Re nement includes task additions, deletions, and
updates, especially around variable usage and logic changes, to
ensure consistency and traceability across rounds.

Task graphs are rendered as part of the conversation interface
and stored for further review. However, during early trials, we
noted that API latency became a bottleneck in multi-turn settings,
pointing to the need for lighter-weight implementations.

3.2.3 Study Protocdlo assess the e ectiveness of task graphs,
we conducted semi-structured interviews with the same six in-
terdisciplinary users in Study 1 (P1-P6) and used an open-coding
approach p(Q for data analysis. We rst extracted samples from
three key stages of user LLM interaction: initialization, intent
progression, and completion. Each sample included the prompt,
LLM-generated code, and the corresponding task graph, presented
sequentially to participants. The procedure includes three stages.
In Stage 1, participants reviewed only the generated code and de-
scribed their understanding and obstacles. In Stage 2, they examined
both the code and task graph, comparing the ease of task compre-
hension with and without the graph, and o ered suggestions for
improvement. In Stage 3, we showed consecutive code graph pairs
from two interaction turns and asked participants to identify task
changes, misunderstandings, and strategies for tracking di erences.
Interviews focused on two core questions: (1) Do graphs improve
task understanding compared to directly reading code? (2) What
features are needed to support e ective graph interpretation and
updates? Throughout the process, we observed participants' behav-
iors in navigating graph changes and concluded with a re ection
session to gather feedback on cognitive load, update clarity, and
expectations for graph design.

3.2.4 Finding®All participants reported di culty in understand-

ing raw code due to limited programming knowledge. Key barriers
included misalignment between linear code ow and branching task
logic (P1, P4, P5), and high cognitive load from memorizing variable
usage and logic transitions (P3, P6). In contrast, task graphs were
consistently viewed as more helpful. Participants highlighted two
key bene ts: (1) Improved task comprehension through clear visu-
alization of task dependencies and subgoals (P1, P3, P4, P5, P6); (2)
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Enhanced e ciency in locating key logic points and understanding
overall code purpose (P1, P3, P5).

However, as interaction rounds increased, graph complexity
grew and negatively impacted interpret ability. While some partici-

Zhang et al.

this LLM understanding , which refers to the tasks and their rela-
tionships implicitly encoded in the code that an LLM is expected
to generate based on user prompts. By exposing thi Under-
standingprior to code generation, users can interpret the intended

pants were able to reconstruct evolving task intents (P1, P2, P5, P6),tasks without reading raw code, reducing LLM-to-user ambiguity.
others reported confusion or errors (P3, P4). To address this, users Moreover, since the structure is editable, users can directly modify

suggested: (1) Providing abstracted overviews with zoom-in capa-

bilities (P1-P6); (2) Supporting node-level exploration for localized
inspection (P1, P4); (3) Grouping and annotating task clusters to
clarify hierarchy and dependencies (P2, P3, P5, P6).

3.2.5 ImplicationdJse graph-based representations to externalize
LLM coding tasks and tree structures to model user intents, en-
abling ne-grained alignment. To ensure responsiveness, employ
lightweight feedforward representations and dynamically abstract

graph complexity based on evolving user intent.

3.3 Design Considerations

Based on the ndings from the two phases, we derive several design
considerations:

DC1: Support Bidirectional Disambiguation through In-
tent and Task Externalization. To mitigate user LLM misalign-
ment, systems should support bidirectional disambiguation. On
the user-to-LLM side, this requires making user intent explicit and
editable, preserving task structure and global context beyond linear
prompt input. On the LLM-to-user side, the model's inferred cod-
ing tasks should be externalized in interpretable forms, enabling
non-programmers to understand, verify, and adjust the system's
interpretation without reading raw code.

DC2: Enhance Fluid Modi cation on Tasks to Align In-
tent in Multi-round Interactions.  Matching intent and tasks in
conversational systems often requires multiple rounds, but high
latency can disrupt users' focus, making it di cult to think uidly
and modify tasks e ectively. To enable e ective intent-task align-
ment, systems should support low-latency interactions. However,
extracting LLM understanding and user intent can be computation-
ally expensive, especially when task structures grow in complexity.
Therefore, the system should employ lightweight yet accurate feed-
forward mechanisms that allow for rapid generation and update of
intermediate representations.

DC3: Leverage Structured Graph Representations with
Intent-Aware Abstraction. Graph-based representations are ef-
fective for externalizing the LLM's task structure, while user intent

task representations, aligning them with their actual intent. This
feedforward representation not only improves transparency but
also serves as a lightweight, structured input alongside prompts,
helping to resolve user-to-LLM ambiguity.

Direct Intent Task Matching is a process that allows users
to engage directly with theLLM understandingpefore code is gen-
erated to address bidirectional ambiguity. Instead of relying on
traditional prompt iteration or adjusting mismatched outputs after
generation, users can iteratively re ne how the LLM interprets
their intent into speci ¢ coding tasks. This re nement resolves
misalignments early in the process, ensuring the LLM's under-
standing evolves dynamically with each adjustment. By feeding
this corrected understanding back into the LLM, users can achieve
more e cient, interpretable, and intent-aligned code generation,
streamlining the path from intent to output.

5 NeuroSync

We implement thedirect intent task matchingparadigm into a
proof-of-concept system named NeuroSync (Fig. 2).

5.1 Overview

NeuroSync operates in a multi-stage interaction loop. After the user
submits a natural language prompt, NeuroSync extracts a structured
representation of the LLM understanding€.,the predicted code-
level tasks and their relationships), alongside the user's intent and
their mappings. These representations are then externalized in
visual forms: the LLM understanding is shown as a graph based
on our formative study 3, while the user intent is presented as a
hierarchical tree structure based on previous resear¢fi.[ This
visual design allows users to directly inspect, correct, and con rm
task-level alignment, addressirgC1 by supporting bidirectional
disambiguation, as users no longer need to guess what the LLM
will do, nor must they articulate intent solely through prompts.

To maintain low-latency interaction during multi-turn ses-
sions, especially given the cost of extracting structured task rep-
resentations, we implement a lightweight knowledge distillation

can be modeled as a tree, a specialized directed acyclic graph repipeline 5.3.2. This pipeline ne-tunes a small language model

ecting hierarchical goal decomposition. To manage complexity
and cognitive load, systems should dynamically abstract or simplify

(SLM) to extract LLM understanding e ciently, based on training
data generated by a multi-agent simulation system 5.3.3. This de-

task graphs based on evolving user intent, enabling scalable yet sign meetDC2, ensuring that feedforward task information can

focused interaction across varying levels of detail.

4 Direct Intent-Task Matching

Informed by DC1, we propose a novel human-LLM interaction
paradigm calledlirect intent task matchingFig. 1). The paradigm
externalizes and enables direct manipulation of theM under-
standingto support bidirectional disambiguation.

Speci cally, inspired by the concept afser understandingvhere
humans develop their interpretation of LLM outputs, we suggest
that LLMs form a kind of understanding of user inputs. We call

be presented quickly and accurately without introducing delay or
performance bottlenecks.

To support e ective task visualization and user control, Neu-
roSync adopts graph-based representations and integratéstant-
aware graph simpli cation algorithrb.4 that dynamically adjusts
the complexity of the understanding graph according to recent
intent updates. This design directly responds@&3, enabling scal-
able interaction through focused abstraction: users can access both
global task structure and local task details, and selectively expand
or highlight task components as needed.
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Figure 5: Interface of NeuroSync. Users interact with the LLM through Panel A (LLM Conversation Panel). Before each LLM
response, the system generates an LLM understanding graph in Panel B (Understanding Graph Manipulation Panel) and a
simpli ed version in Panel C (Intent Task Mapping View). Users can edit the task graph in Panel B and explore task structures
and intent alignment via Panel C.

5.2 Usage Scenario structural edits via the LLM API. This is ideal for reorganizing

5.2.1 User InterfacAs shownin Fig. 5, NeuroSync's userinterface ~ Major task ows or introducing new task groups.
consists of (A) LLM Conversation Panel, (B) Understanding Graph ~ Node-Level Modi cation: Users can manually adjust nodes and
Manipulation Panel, and (C) Intent-Task Mapping View. links, i.e.,adding, deleting, or editing task descriptions, enabling

(A) LLM Conversation Panel. It functions like a standard LLM precise control over subtasks.
interface, where users input prompts and receive responses. How-
ever, unlike traditional systems that rely solely on text prompts,
NeuroSync also incorporates the current version of the Understand-
ing Graph into the generation process. Users can iteratively re ne
the graph without submitting a new prompt, enabling multiple Intent Tree View: A hierarchical tree representing the user's
rounds of graph-guided responses under the same user intent. structured goals.

(B) Understanding Graph Panel. Before each LLM response, Simpli ed Understanding Graph: A ltered version of the full
the system generates a task-leyel Understandlng Grgph based on graph, generated using our intent-aware graph simpli cation
the user's prompt. Users can inspect and directly edit the graph  314rithm (Sec. 5.4). It highlights nodes directly relevant to the
to correct or clarify task understanding, including two levels of current intent and merges irrelevant ones for clarity.
modi cation:

(C) Intent Task Mapping Panel. To reduce cognitive load,
this panel presents a simpli ed view of the Understanding Graph
aligned with the user's intent. It includes two components:

Panel C updates when a new prompt is submitted or when ma-

jor edits occur in Panel B. Clicking a merged node highlights its

Graph-Level Modi cation: Users input natural language instruc-  corresponding region in the full Understanding Graph for focused
tions into a modify block and NeuroSync applies large-scale inspection.
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Figure 6: User interactions with NeuroSync. After entering a prompt in Panel A, users engage in a four-stage process of task
exploration and modi cation in Panels B and C prior to code generation. (1) Upon prompt submission, an initial understanding
graph is shown in Panel B, along with a simpli ed version in Panel C, where nodes associated with intent changes are
highlighted. (2) Users can interactively explore the graph ( e.g.via dragging) and perform ne-grained node-level edits, such as
modifying descriptions or adding nodes. (3) Alternatively, users may issue natural language commands to modify the graph.
These updates are re ected in both panels, again with intent-relevant nodes highlighted. (4) Users may also click on merged
nodes in Panel C to focus on corresponding subgraphs in Panel B. Once con rmed, the updated understanding is passed to the

LLM for code generation. Selected nodes are zoomed in for clarity.

5.2.2 Walkthrough Exampléonsider Kelly, a journalism student
developing a web-based system for monitoring public opinion. To
support her project, she needs a web crawler capable of extracting
article content; however, she lacks the programming expertise to
implement one herself. As a result, she turns to NeuroSync for
assistance.

Upon launching the LLM interface with NeuroSync enabled,
Kelly is presented with a standard conversation panel (see Fig. 5A),
accompanied by the Understanding Graph panel (B) and the In-
tent Task Mapping panel (C). Kelly enters her request in the in-
put eld of Panel A, for examplee.g., Help me write a Python
script to crawl media articledJnlike traditional LLM systems, Neu-
roSync immediately visualizes its inferred understanding in Panel B
(see | in Fig. 6) and displays structured user intent in Panel C (Il and

them alongside the main article text. To achieve this, she deletes
the security-checking node and adds a new node labekexract

the title at each level of the artici@ Panel B. To accommodate
this addition, she re-names the existing nodéxtract the text of
the article and save itto a leas Extract the title and body in order
and save them as TXT leShe then creates appropriate links to
integrate the new node into the existing task ow. These operations
are shown in V in Fig. 6.

After completing the initial modi cations and nalizing the
graph as shown in Panel B of Region 2, Kediycounters a new
challenge: she wants to save the titles, body text, and images from
the original webpage in their original order. However, she nds
this task complex and is uncertain how to proceed. She enters her
revised requirement into the modi cation input block in Panel B

IV in Fig. 6). The system decomposes the request into a sequence(see VI in Fig. 6) and clickdodify. In response, NeuroSync automat-

of subtasks such as Initialize the crawler con guration and create
the request headeand Download imagesnd organizes them

as a task ow diagram (see | in Fig. 6). Panel C shows the same
graph structure, highlighting all task nodes (see Il in Fig. 6) and
presenting the overall intent tree (see IV in Fig. 6).

Kelly interacts with the Understanding Graph by dragging nodes
to explore its structure and quicklydenti es a misrepresen-
tation of her original intent  (see Ill in Fig. 6). Speci cally, she
notices that the graph includes a task related to content safety check-
ing, which is outside the scope of her current objective. Instead,
her goal is to distinguish between di erent title levels and save

ically updates the Understanding Graph by adding two new nodes
(highlighted in yellow in VIl in Fig. 6) and generates an updated,
simpli ed graph along with a highlighted intent tree in Panel C
(VIIl'in Fig. 6). To re ect the re ned goal, NeuroSync merges rele-
vant nodes in the Understanding Graph based on high-level intent
tree components such a®rocess the text in the articked Save
cover imageselectively highlighting and retaining only the nodes
directly associated with the updated intent.

Finding it challenging to interpret the entire Understanding
Graph, Kelly clicks the extension button to focus on a speci ¢ sub-
intent: Process the textin the artiqleX in Fig. 6). In response, Panel
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Figure 7: lllustration of a triple, which consists of an intent
tree, an LLM understanding graph ( i.e.,atask graph generated
prior to code generation), and their mappings. Each node in
the intent tree may correspond to one or more nodes in the
LLM understanding graph. The gure highlights the map-
pings for two example intent nodes.

B highlights the subset of nodes related to this intent, allowing her
to concentrate more e ectively on the text processing components
(X in Fig. 6). Once satis ed with the revised structure, Kelly clicks
Con rm Graph prompting the LLM to generate code aligned with
her re ned understanding as represented in the graph.

Compared to her prior experiences which typically required
seven to eight rounds of back-and-forth interaction Kelly is now
able to complete the task in just one or two iterations. Minor errors
are easily addressed through a quick update to the graph, followed
by code regeneration.

5.3 Triple Extractor

The Triple Extractor updates the LLM understanding, user intent,
and their mappings each time a domain user inputs a prompt in the
LLM Conversation Panel. The extraction process must be e cient
to reduce the delay perceived by useBq2).

An intuitive but slow implementation is the two-stage extractor
used in our formative study (Fig. 4). While this approach achieves
high accuracy, it requires two rounds of computationally expensive
LLM calls and generates many intermediate tokens. To improve
e ciency, we construct the Triple Extractor using a ne-tuned
Small Language Model (SLM) that can extract triples in a single step
while maintaining su cient similarity to those extracted by the two-
stage extractori.e.,faithful re ection of intent, understanding and
their mapping [L9. This is achieved by a novel and cost-e ective
triple distillation pipeline (Fig. 8) that aligns the SLM with the LLM
using data synthesized by a multi-agent system (Fig. 9).

5.3.1 Tripleskor clarity, we rst de ne a uni ed structure, re-
ferred to as triples, as follows:

CAB87?;4BfIntent Tree eUnderstanding GraphMappingy (1)

Intent Tree. A hierarchical structure expressing the user's

goal decomposition. The root node represents the high-level
objective, while child nodes de ne sub-intents and operational
details. This tree explicitly externalizes user intent in a form

suitable for reasoning and alignment (Fig. 7 left).

UIST '25, September 28-October 1, 2025, Busan, Republic of Korea

Figure 8: Triple Distillation Pipeline. It aligns the SLM in the

student path with the two-stage extractor in the teacher path.
The SLM can extract triples directly from prompts, bypassing
intermediate code generation to speed up triple extraction.

Understanding Graph. A directed node-link diagram represent-
ing the LLM's internal task structure. Each node corresponds
to a discrete subtasle(g. creating directories, validating input),
and edges encode dependencies or data ow between them. This
graph abstracts execution logic at the task level, without binding
to speci ¢ code implementations (Fig. 7 right).

Mapping. A cross-structure alignment that links each intent
node to a corresponding node or subgraph in the Understanding
Graph. This mapping ensures semantic consistency between
user goals and generated code tasks, and supports graph-level
operations such as task expansion, simpli cation, and selective
editing based on user intent (Fig. 7 middle).

5.3.2 SLM Fine-tuning with a Distillation Pipelifie.address the
ine ciency caused by two-round LLM calls, we follow the common
practice of ne-tuning existing SLMs for speci ¢ coding tasks. We
aim to ne-tune an SLM that can (1) generate triples from prompts
in a single step, bypassing the need for intermediate code genera-
tion, and (2) ensure that the triples extracted directly from prompts
align closely with those produced by the two-stage extractor, which
depends on intermediate code. The error propagation during multi-
round interaction will be mitigated by the self-healing ability of
the ne-tuned SLM and users' direct modi cation.

We draw on knowledge distillation11], a model compression
technique that uses a teacher-student framework to transfer knowl-
edge from a large, complex model (the teacher) to a smaller, more
e cient model (the student). Knowledge distillation is well-suited
for our goals because it enables the SLM (student) to replicate
the outputs of the two-stage extractor (teacher) while being faster.
Speci cally, our pipeline has a teacher path and a student path,
utilizing three models (Fig. 8): a small language mod#1 (), a
conversational language model'{ »), and a triple extraction lan-
guage model'l{" 4). For clarity, we de ne the following symbols:
triples) ¢ prompts%;, and intermediate codec, whereCrepresents
di erent rounds.

Teacher Path. We embed the two-stage extractor (Fig. 4)
into the teacher path. First, intermediate code is generated by
1" o, and then triples) c are extracted using!" 4, based on
the previous round's tripleg ¢ 1, the current round's prompt
%, and the intermediate code outputc Speci cally, we have
Ye=11" 4% 1" 2194%)c 1°. Here!!" 4 can be any su ciently
powerful model.
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