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Figure 1: The workflow of Cerebra consists of two stages: offline (A1-A4) and online (B1-B3). In the offline stage, Cerebra first
generates column descriptions (A2) based on the database schemas (A1). It then extracts five types of implicit knowledge (A4)
in natural language from user-authored historical scripts (A3). In the online stage, when a user submits a natural language
instruction (B1), Cerebra retrieves relevant knowledge items and generates the corresponding SQL script (B2). The generated
script is then parsed and presented in the Knowledge View (B3), where users can review and refine the knowledge items to
iteratively improve the script.
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Abstract
LLM-driven tools have significantly lowered barriers to writing SQL
queries. However, user instructions are often underspecified, as-
suming the model understands implicit knowledge, such as dataset
schemas, domain conventions, and task-specific requirements, that
isn’t explicitly provided. This results in frequently erroneous scripts
that require users to repeatedly clarify their intent. Additionally,
users struggle to validate generated scripts because they cannot
verify whether the model correctly applied implicit knowledge.
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We present Cerebra, an interactive NL-to-SQL tool that aligns im-
plicit knowledge between users and LLMs during SQL authoring.
Cerebra automatically retrieves implicit knowledge from historical
SQL scripts based on user instructions, presents this knowledge
in an interactive tree view for code review, and supports itera-
tive refinement to improve generated scripts. To evaluate the ef-
fectiveness and usability of Cerebra, we conducted a user study
with 16 participants, demonstrating its improved support for cus-
tomized SQL authoring. The source code of Cerebra is available at
https://github.com/zjuidg/CHI26-Cerebra.

CCS Concepts
• Human-centered computing ! User interface program-
ming.
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1 Introduction
With the rapid growth of available data in various fields, being able
to explore data effectively with SQL queries has become crucial
for data practitioners. Even for those who are proficient in SQL,
authoring code that clearly expresses their intents can be difficult
and time-consuming [40], while many other practitioners have only
limited programming experience [76]. As a result, Natural Language
to SQL (NL-to-SQL) techniques, especially LLM-driven ones [8,
45, 62] have been widely adopted to lower the barriers to query
construction [41]. Recent advances in NL-to-SQL techniques have
led to substantial improvements in basic semantic understanding
and translation [31, 51], with state-of-the-art models achieving over
90% accuracy on the Spider benchmark [93] for well-formed natural
language instructions and database schemas.

Despite recent advances, users continue to struggle with obtain-
ing accurate results from NL-to-SQL systems when their natural
language queries involve implicit knowledge. This refers to the as-
sumptions, conventions, and contexts that users do not articulate
explicitly but are crucial to accurate query generation. Such knowl-
edge encompasses dataset-specific conventions and task-specific
computations, creating a knowledge alignment gap that hinders
accurate query interpretation and SQL generation. The BIRD tox-
icological database [47] (Figure 2) exemplifies this issue. A query
like “List all non-bonding elements” assumes implicit knowledge
that non-bonding elements are atoms in the “Atom” table with no
corresponding entries in the “Connected” table. Typical NL-to-SQL
models, lacking this understanding, may fail to generate the cor-
rect SQL query. Another example involves queries like “What is
the difference between the number of carcinogenic molecules and the
number of non-carcinogenic molecules”. Such queries also assume
implicit dataset-specific knowledge that carcinogenicity status is

represented by labels such as “+” and “-” in a specific field. As a re-
sult, users frequently need to repeatedly clarify implicit knowledge
such as the meaning of “non-bonding elements” and “carcinogenic”
status, leading to frustration from iterative query refinement and
numerous unexpected failures.

To address this gap, we conducted a preliminary study to inves-
tigate the role of implicit knowledge in the SQL authoring process.
Through interviews with 10 data practitioners who regularly use
LLM-driven NL-to-SQL tools, we found that users consistently sup-
plement their natural language queries with extensive contextual
information, including database schemas and business backgrounds,
to bridge implicit knowledge gaps. Many participants (6/10) also
reused existing SQL scripts in their prompts, effectively transfer-
ring the implicit domain logic and computational patterns embed-
ded within proven solutions. However, users face a fundamental
tension: concise queries fail because they omit essential implicit
assumptions, while making all implicit knowledge explicit through
detailed prompts becomes excessively burdensome and error-prone.
Furthermore, users struggle to interpret the implicit assumptions
that LLMs make when generating code, finding it difficult to align
high-level requirements with low-level code fragments and locate
errors when their implicit expectations are not met. While prior
research has explored interactive interfaces for SQL construction,
understanding, and modification [11, 16, 68, 76], the challenge of
surfacing and aligning implicit knowledge in users’ natural lan-
guage instructions remains largely unaddressed. These findings
highlight the need for NL-to-SQL tools that can better surface and
align implicit knowledge between users and models.

In response to these challenges, we present Cerebra, an interac-
tive NL-to-SQL tool designed to surface and align implicit knowl-
edge between users and LLMs during SQL authoring. Drawing di-
rectly from our preliminary study findings, particularly participants’
practice of reusing existing scripts to transfer implicit knowledge,
Cerebra systematically captures and leverages the implicit knowl-
edge embedded in users’ historical SQL scripts. We first introduce a
framework that categorizes implicit knowledge in NL-to-SQL pro-
cesses into five types: calculation, condition, relation, dimension,
and output. Cerebra extracts natural language descriptions and as-
sociated code fragments from users’ past queries based on these
categories, creating a repository of implicit knowledge patterns.
During query authoring, Cerebra retrieves relevant implicit knowl-
edge from this repository to enhance SQL generation, addressing
the core challenge of conveying unstated assumptions from users to
LLMs. To tackle the interpretation challenge identified in our study,
Cerebra features a knowledge tree view that visualizes how the
system inferred and applied implicit knowledge in generating SQL
scripts. This transparency allows users to understand the model’s
assumptions and iteratively refine both the implicit knowledge and
the generated SQL when results don’t meet their expectations.

To evaluate the usability and effectiveness of Cerebra, we con-
ducted a counterbalanced mixed-design user study on 16 partici-
pants. Participants of the user study completed the SQL authoring
tasks within a significantly shorter period of time with Cerebra
than a baseline tool without implicit knowledge integration. User
feedback further confirms that Cerebra helps users convey their
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Figure 2: The schema, sample data and column descriptions for the Toxicology database in a NL-to-SQL dataset, BIRD. The
database consists of four tables: A) Atom, which records the atoms present in each molecule. B) Molecule, which stores the
properties of each molecule, including its carcinogenicity label. C) Bond, which describes the chemical bonds between atoms
within a molecule. D) Connected, which represents the connectivity relationships between pairs of atoms via speci�c bonds.

implicit knowledge in natural language more easily and better un-
derstand the implicit knowledge inferred by the model. The key
contributions of this paper are three-fold:

� A preliminary study with 10 data practitioners that reveals
the central role of implicit knowledge in NL-to-SQL tasks,
identifying key challenges in implicit knowledge transfer
between humans and LLMs.

� Cerebra, an interactive NL-to-SQL tool that captures implicit
knowledge from historical scripts, decomposes user requests
into subqueries, and provides transparent knowledge visual-
ization to improve human-LLM alignment in SQL authoring.

� A comparative evaluation demonstrating the usability and
e�ectiveness ofCerebrain supporting communication of
implicit knowledge in NL-to-SQL tasks.

2 Related Work
In this section, we review previous research on interactive SQL
authoring, NL-driven data querying, and human-AI collaboration.

2.1 Interactive SQL Authoring Tools
Authoring SQL queries is a common practice in database devel-
opment. Traditional integrated development environments (IDEs)
like Navicat [63] and DataGrip [30] provide basic SQL authoring
functionalities such as code completion and code formatting. Since
these IDEs require signi�cant expertise to use e�ectively, several
visual programmingtools [1, 2, 5, 24, 58] are designed to lower the
barrier by providing tree or graph representation of the code. For
instance, Tioga-2 [2] incorporates a data �ow diagram to represent
SQL queries and users can directly manipulate nodes and links to
edit the queries. However, these visual programming tools often
rely on prede�ned templates, making it demanding to con�gure
numerous options to construct queries.

To better support SQL authoring requirements, many SQL au-
thoring tools integrate program synthesis techniques likeprogram-
ming by example[43, 82, 94] or NL-to-SQL[15, 45, 62], where

users can declaratively specify their query requirements. Specif-
ically, there is a substantial amount of research focusing on NL-
to-SQL models, adopting rule-based [42, 66, 85], neural network-
based [19,81,92], pre-trained language model-based [44,46,67] and
LLM-based [15, 45, 62] methods. See [51] for a comprehensive sur-
vey of these models. The advancements in NL-to-SQL techniques
enable SQL authoring tools to understand more complex natural
language and table structures in sophisticated databases, thereby
providing users with smarter code suggestions. However, these NL-
to-SQL models cannot always provide accurate results that satisfy
user needs, requiring considerable e�ort in validating the generated
queries and correcting the mistakes. To bridge the gap, numerous
interactive tools are proposed, many of which do not integrate
LLMs, but instead focus on facilitating two key developer tasks:
code understandingandquery re�nement.

Code understandingtools aim to demystify the logic of SQL
queries by employing four primary strategies. First, to abstract
away complex syntax, several tools focus on visualizing logical
structure through delicately designed graphs [23, 40, 57, 74, 75]. For
instance, QueryVis [40] translates SQL queries into diagrams based
on �rst-order logic principles to reveal underlying logical patterns.
Second, several tools facilitate inspecting intermediate execution
states [6, 18, 33, 54, 97]. For example, Data Tweening [33] visualizes
incremental transformations between result sets. Third, to facili-
tate easy code validation, tools such as DIY [59] and RATest [55]
generate small sample databases or counterexamples in a sandbox
environment. Fourth, several approaches utilize natural language
generation to translate complex query logic into readable narra-
tives [35, 36, 76, 78]. Systems like STEPS [78] and SQLucid [76]
decompose SQL queries into clauses and provide step-by-step ex-
planations. In addition, extensive research has been conducted in
code debugging and we refer readers to the relevant surveys [9, 17].
Whereas the aforementioned tools provide various methods to as-
sist users in syntactically understanding the logical structure and
the execution output of SQL queries, our work emphasizes semantic
understanding by presenting the implicit knowledge underlying
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the generation process. This allows users to comprehend the as-
sumptions and conventions re�ected in the generated queries.

Another line of work provides interactive support forquery re-
�nement, which can be categorized intoNL-basedandGUI-based
approaches. InNL-basedtools, users can edit the queries by an-
swering multi-choice clari�cation questions [20, 49, 87], modifying
step-by-step NL explanations [76], or using free-form text [11]. For
example, DialSQL [20] leverages a hierarchical encoder-decoder
architecture to predict error categories, locate error spans in the
query, and generate candidate choices for users to select from.
SQLucid [76] proposes a �ne-grained query re�nement approach
where users can modify steps in the NL explanation to correct er-
rors at the clause or entity level. NL-EDIT [11] interprets natural
language corrections provided by users to generate a sequence of
edits that can be applied to the initial SQL query.GUI-basedtools
enable users to make simple query edits by providing widgets like
menus [16, 42] and sliders [68, 73]. For instance, in DataTone [16],
users can interact with the dynamically generated ambiguity wid-
gets to correct table names, column names and data values in the
query. While these re�nement techniques help resolve ambiguity
in natural language speci�cations, they generally do not capture or
reuse implicit knowledge about dataset-speci�c conventions and
task-speci�c computations, which our work explicitly models and
exposes at the knowledge level.

Beyond SQL-speci�c tools, we draw inspiration from recent work
on interactive NL-driven code authoring, which explores decompos-
ing tasks into editable intermediate artifacts [32, 90, 95]. Systems
like Phasewise and Stepwise [32] decompose AI-generated solu-
tions into linearlistsof editable assumptions and executable plans
to support stepwise steering. CoLadder [90] and NeuroSync [95]
expose structured and editable intent representations through hi-
erarchical prompttreesand intentgraphs, enabling programmers
to externalize their goals and to re�ne inferred tasks. Inspired by
these methods,Cerebraadopts a hybrid approach to query decom-
position, combining agraph-based data �ow diagram that reveals
subquery dependencies with atree-structured Knowledge View
that provides code-knowledge highlighting for precise inspection
and modi�cation of the generated query.

2.2 Interactive NL-Driven Data Querying Tools
Beyond SQL generation, interactive data querying tools employ nat-
ural language interfaces (NLIs) to facilitate visual data exploration,
addressing four primary interaction barriers when using natural
language. To address theabstractionbarrier inherent in describing
high-level descriptive concepts (e.g., shapes, trends, patterns), tools
such as SlopeSeeker [4] and ShapeSearch [71] allow users to query
quanti�able trends and complex shapes by mapping qualitative
adjectives to mathematical de�nitions. To overcome theimprecision
barrier caused by vague terms (e.g., �large�, �many�, or �near�), sys-
tems like DataTone [16] and Eviza [68] utilize ambiguity widgets
to help users select their intended data attributes and values, while
approaches like [28] leverage multiple views to enable fuzzy spatial
constraints for querying uncertain trajectory data. To mitigate the
formulationbarrier where users know what they exactly want but
do not know how to use the system to form valid queries, Sneak
Pique [69] provides data-aware autocompletion to preview results,

NL2Rigel [25] maps natural language instructions to data transfor-
mation speci�cations, and NL4DV Toolkit [60] abstracts natural
language processing complexities to aid developers in creating data
querying interfaces. To lower thecontinuity barrier in maintaining
conversational context, Evizeon [22] incorporates pragmatics to
handle pronouns and incomplete utterances, whereas Orko [73]
manages context across multimodal inputs like touch and speech.

While the aforementioned NLIs primarily address ambiguity by
clarifying the operations and data references, they often overlook
the knowledge alignmentbarrier, which is the gap between the
user's domain-speci�c assumptions and the model's understanding.
Unlike abstraction or imprecision barriers which arise from certain
terms in the user instruction, this new barrier involves the implicit
dataset-speci�c conventions and task-speci�c computations that
users frequently omit from their instructions.

2.3 Human-AI Collaboration
Empirical Studies of SQL Authoring . A growing body of work
has examined how people author and debug SQL, both in tradi-
tional environments [29, 57] and with NL-to-SQL tools [52, 61].
For instance, SQLShare's deployment logs and interviews show
that scientists routinely reuse and layer views over user-uploaded
tables to encode domain logic and processing pipelines [29]. For
NL-to-SQL speci�cally, Ning et al. [61] derive a detailed taxonomy
of NL-to-SQL model errors and demonstrate that end users have
di�culty both detecting these errors and repairing them reliably
through a user study. Building on these �ndings, several interac-
tive systems study how explanations and direct manipulation a�ect
SQL authoring [59, 76, 78]. These works characterize the challenges
humans face in understanding and correcting SQL and NL-to-SQL
outputs. In contrast, our work focuses on surfacing and aligning
implicit knowledge that underlies those outputs, rather than merely
their syntactic correctness.

Capturing Implicit Intentions in Human-LLM Interaction .
Recent work has begun to examine how people surface and re-
�ne implicit intentions when interacting with LLMs. One line of
systems [32, 70, 83] emphasizes structured task decomposition in
text, helping users iteratively articulate assumptions and plans
while seeing how those choices shape model behavior. A second
line [88, 95, 98] focuses on visual or GUI-based representations of
the model's internal reasoning or search space, so that users can
better inspect and adjust what the model �thinks� it is doing. A third
line [27, 53, 89] explores multimodal inputs as a more natural sub-
strate for intent expression, allowing people to use sketches, spatial
layouts, or other modalities to convey expectations that are hard to
verbalize. Building on these research directions, our work extends
them to the NL-to-SQL setting by modeling the implicit knowledge
behind SQL queries, and by providing an interface where users can
directly inspect and iteratively re�ne that knowledge.

3 Preliminary Study
To e�ectively develop LLM-driven NL-to-SQL tools, it is essential to
understand the unique challenges and requirements faced by users.
Prior research [59, 61, 76] conducted user studies of NL-to-SQL
tools and uncovered key requirements involving query understand-
ing, error detection, and interactive repair. These �ndings have
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highlighted directions for enhancing LLM-driven NL-to-SQL tools.
However, the role of implicit knowledge in SQL authoring has not
been thoroughly investigated. To bridge this gap, we conducted a
preliminary study1 involving participants expert in SQL authoring.

3.1 Participants
We recruited 10 data practitioners (denoted as P1-P10, 9 male
and 1 female,�64 <40= = 35”6, �64 BC3= 5”40) by sending invi-
tations via social media. They were from industry with diverse
backgrounds such as Geographic Information System, Enterprise
Resource Planning, and Stock Market Analysis. All participants
were expert in SQL programming (�G?4A84=24<40= = 11”5 years,
�G?4A84=24BC3= 6”02years) and regularly authored queries in their
projects (at least once a week). They also reported moderate famil-
iarity with LLM-driven NL-to-SQL tools (" = 4”7) on a 7-point
Likert scale (1 = not at all familiar, 7 = extremely familiar). Their
detailed demographic information is provided in Table 4 in the ap-
pendix. Participants consented to having their shared SQL scripts
and their voices recorded.

3.2 Procedure
Prior to each interview, we provided participants with a brief
overview of the study, including its purpose, procedure, and com-
pensation, before obtaining their consent for data collection. During
the one-on-one, semi-structured interviews, we �rst gathered back-
ground information on participants' work domains, typical tasks,
and dataset characteristics. We then asked participants to describe
at least one recent experience of using LLM-driven NL-to-SQL tools
to author SQL scripts, encouraging them to walk through the pro-
cess and discuss any di�culties or issues encountered. Furthermore,
we followed up by discussing speci�c challenges or interesting be-
haviors that emerged during the interview. All the interviews were
audio-recorded for subsequent analysis. The entire interview lasted
around 40 minutes and each participant received 50 Chinese Yuan
as compensation for their time.

3.3 Findings
We recorded all interviews and transcribed the audio recordings
into text. To analyze the user feedback, we conducted an induc-
tive content analysis [37]. The �rst author initially reviewed the
recording transcripts to identify the relevant comments. Then sim-
ilar comments were grouped into several themes. Finally, the au-
thors reviewed the transcripts and discussed the themes on weekly
meetings to reach the consensus about the key �ndings. In this
subsection, we summarize the key �ndings regarding the general
work�ow and the challenges participants faced from the interview.

3.3.1 How Do People Work with LLM-Driven NL-to-SQL Tools to
Author SQL Scripts?Drawing from the interview and participants'
demonstrations of recent usage examples of LLM-driven NL-to-
SQL tools, we observed a three-stage work�ow: participants begin
with prompt formulationwhere they craft initial queries and provide
contextual information, followed bycode reviewwhere they validate
the generated SQL against their expectations, and conclude with
code re�nementwhere they iteratively correct and improve the

1The study has received approval from State Key Lab of CAD&CG, Zhejiang University.

results when discrepancies are found. The similar work�ows are
also observed in prior studies [84].

All participants supplemented contextual information in
addition to their natural language queries. In the prompt for-
mulationstage, participants recognized that their natural language
requests alone might be insu�cient and consistently provided addi-
tional context to bridge potential knowledge gaps. This supplemen-
tation took multiple forms: participants explicitly included database
schemas (P1-P6, P9, P10) to clarify structural relationships and table
connections that their queries assumed but didn't state. They also
provided business backgrounds (P1, P3-P9) to ensure the model
understood domain-speci�c terminology and conventions within
their organizational context. For example, P3 noted that he would
send a paragraph from a data report he was working on to Chat-
GPT for business context. The need for context supplementation
highlights how natural language queries alone are insu�cient, and
participants must anticipate and address implicit knowledge gaps.

Participants preferred to reuse existing scripts to help
LLMs learn implicit knowledge embedded within them. We
noticed that more than half of the participants (6/10) tended to incor-
porate previously written queries into the prompt to obtain queries
that aligned with the provided ones (P1, P4, P6-P9). P1 pointed out a
scenario for reuse, �I am writing queries periodically within a speci�c
domain, my query logic is fairly �xed � only minor adjustments to pa-
rameters or subqueries�. Other participants highlighted the bene�ts
of reuse. First, existing scripts contain knowledge about complex
data transformations, �ltering conditions, and computational for-
mulas that would require extensive explanation if articulated from
scratch. As P4 described, �I usually �nd a script I wrote before and
tweak it using AI � it's much faster that way.� Second, since previ-
ously written scripts embodied well-tested domain logic, reusing
scripts inherited this implicit knowledge while reducing validation
overhead, which echoed prior research [13]. As P6 noted, �I don't
feel con�dent using AI to write a SQL script from scratch, so I typically
reuse existing queries in the prompt.�

3.3.2 What Makes LLM-Driven NL-to-SQL Tools Challenging to Use
in Practice?We organize �ndings around two primary challenges
of implicit knowledge transfer between humans and LLMs.

Challenges in conveying implicit knowledge (human !
LLM). In the prompt formulationstage, participants (7/10) reported
that when they omitted details they viewed as conventions or prac-
tices within their domain, LLMs typically failed to accurately in-
terpret these instructions. Such details can be categorized into
data-related and computation-related knowledge. The data-related
knowledge mentioned by participants involved data values mean-
ings (e.g., �A value of 1 denotes o�ine sales, while a value of 2 indi-
cates online sales.� (P3)), data format constraints (e.g., �The string
length of this attribute is no more than 20.� (P8)), and table rela-
tions (e.g., �These eight tables are intricately interconnected.� (P2)).
The computation-related knowledge involved alias-naming stan-
dards (e.g., �I won't give aliases of derived attributes in that way.�
(P7)), �ltering conditions (e.g., �I would avoid fuzzy matches to �lter
data � they produce unpredictable results.� (P4)), and speci�c calcula-
tions (e.g., �In our domain, it struggles to compute month-over-month
growth rates.� (P5)). The lack of explicit transmission of this implicit
knowledge often leads to errors in the generated SQL.
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Faced with repeated failures and misunderstandings by LLMs,
participants (7/10) tried to explicitly specify the knowledge by
providing more detailed and procedural prompts, but found this
approach burdensome. As P7 re�ected, �To get the AI to understand
what I want, I end up specifying every detail like conditions, �elds
and joins in natural language. Finally, I spend more time writing
natural language than I would have spent just writing the SQL myself.�
Furthermore, several participants (P1, P3, P8, P10) pointed out that
it was error-prone to articulate such knowledge in a clear and
structured prompt. �The longer your prompt is, the more likely it is
to contain inaccuracies or mistakes.� (P8) This frustration led several
participants (P4, P6) to imagine an ideal system that would be
aware of task-speci�c context. For instance, �It would be better if it
understood the project I was working on. I would just tell it what data
I wanted without further explanations.� (P6)

Challenges in interpreting implicit knowledge (LLM ! hu-
man). In thecode reviewstage, participants (8/10) faced persistent
di�culties in making sense of the underlying knowledge behind
the LLM-generated SQL scripts, not only due to poor readability
of the code (P6, P7), but more commonly because of the lack of
clear alignment between their high-level requirements and the low-
level code fragments (P1, P3, P6, P7, P9). As P9 summarized, �SQL
syntax itself isn't hard to understand � what's hard is �guring out
which of my requirements it meets and which it doesn't.� This lack of
alignment meant participants struggled to infer what knowledge
or assumptions the LLM had made in generating speci�c parts of
the script. As a result, it became burdensome to exactly locate the
code fragments failing to meet their requirements, making subse-
quentcode re�nementdi�cult. To �nd the error, participants had to
repeatedly modify the script and review the execution results of in-
dividual subqueries or clauses (P2, P7, P8, P10). As P10 commented,
� It takes much e�ort to �nd which subquery is wrong, or which step
causes the problem.� Even if participants located the erroneous code
fragments, they found it imprecise to edit the code using natural
language in thecode re�nementstage (8/10).

3.4 User Requirements
We identi�ed three requirements for LLM-driven NL-to-SQL tools
in SQL authoring based on our �ndings. In the remaining parts of
the paper,R1-R3 denote the user requirements:

R1. Conveying implicit knowledge. In our interview study,
participants consistently needed to provide rich contextual informa-
tion, such as norms and practices of querying a dataset, in order for
LLMs to understand their query intentions. However, the volume
and granularity of such information, orimplicit knowledge, made
it burdensome to convey to the LLMs. Users therefore need more
e�cient ways to externalize implicit knowledge without repeatedly
specifying every detail during query authoring.

R2. Verifying the use of implicit knowledge . Participants
found it di�cult to interpret how implicit knowledge was mani-
fested in the generated SQL code. This di�culty often arose be-
cause such knowledge was typically organized or presented in an
unstructured way, making it challenging for users to identify and
verify relevant logic within complex queries. Bridging this gap

requires mechanisms that help users comprehend the knowledge-
code relationships, therefore enabling closer alignment between
user knowledge and LLM's output.

R3. Re�ning the generated queries at the knowledge level .
Participants often needed to iteratively adjust LLM-generated SQL
queries when the results did not fully match their expectations.
However, it was di�cult for them to conveniently re�ne queries,
because they had to work at the code level and manually locate the
speci�c fragments that re�ected their intended knowledge. Users
need more convenient ways to iterate on queries at the knowl-
edge level, so that they can adjust what the query means without
laboriously editing low-level SQL code.

4 Cerebra
In this section, we begin with an overview ofCerebra's work�ow,
then de�ne and classify implicit knowledge in SQL authoring. We
further describe howCerebraretrieves and presents this knowledge
to support code generation, review, and iterative re�nement.

4.1 Overview
Cerebrais an interactive NL-to-SQL tool that aligns implicit knowl-
edge between users and LLMs during SQL authoring. It supports
SQLite [72], though it can be generalized to other SQL dialects.

4.1.1 System Workflow.In our preliminary study (Section 3.3.1),
we observed that participants preferred reusing historical scripts
during prompt formulation to enhance the model's code generation.
Drawing inspiration from this practice, we incorporated a reuse
mechanism directly intoCerebra's work�ow to make the implicit
knowledge accessible and facilitate intelligent code suggestions
(R1). As shown in Figure 1,Cerebraadopts a two-stage work�ow.
In the o�ine stage, the system establishes the knowledge base for
subsequent query generation. Speci�cally, it generates natural lan-
guage descriptions for database schemas, parses the user's historical
SQL scripts into code fragments, and extracts knowledge in the
form of natural language. In the online stage, when a user submits
a natural language query,Cerebraretrieves relevant knowledge to
augment the LLM prompt. It then generates the SQL script and
structures the output to support the decomposition of complex
queries for user review.

4.1.2 User Interface.The interface (Figure 3) is designed to support
implicit knowledge sensemaking (R2) and knowledge-level query
re�nement (R3) by visually decomposing a complex request into
components. The Input Box (Figure 3 A) accepts natural language
instructions. The Script View (Figure 3 B) visualizes the generated
SQL as a data �ow diagram, allowing users to trace dependen-
cies between subqueries rather than reading raw code linearly.
The Knowledge View (Figure 3 C) serves as the core component
for alignment. It translates code fragments into natural language
�knowledge items�, allowing users to verify the knowledge used in
this query without parsing complex syntax. Finally, the Data View
(Figure 3 D) facilitates validation by displaying execution results.
These views are tightly coordinated, such that selecting a compo-
nent in the diagram highlights the corresponding knowledge item
and reveals the intermediate data. This enables users to iteratively
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Figure 3: The interface of Cerebra. A) The input box where users enter their natural language queries. B) The Script View, which
visualizes the structure of the generated SQL using a data �ow diagram. This view displays input database tables (B1) and
subqueries (B3), with links between nodes indicating dependencies (B2). Clicking on a subquery (B3) reveals its corresponding
code, with highlights for relevant code fragments (B4). C) The Knowledge View listing implicit knowledge items (e.g., �non-
carcinogenic� (C3) in the �non_carci_mol� subquery (C2)). Each knowledge item (C3) is linked to the corresponding code
fragments in the subquery (B5). Users can iteratively re�ne their queries by modifying, adding, or deleting knowledge items
(C1). D) The Data View, which displays the intermediate results (D1) of code fragments corresponding to speci�c knowledge
items (C3). It can also display execution results of subqueries, such as the �nal results of the whole query (D2).

re�ne the query by focusing on speci�c components rather than
the entire script.

4.2 Implicit Knowledge
Implicit knowledge in the NL-to-SQL process refers to the speci�-
cations that are not explicitly provided in users' natural language
instructions. Typical implicit knowledge includes dataset-speci�c
conventions and task-speci�c computations, which users tend to
assume are understood by the model. Throughout the rest of this
paper, we use the termknowledge itemto refer to a piece of implicit
knowledge, such as a �ltering condition or calculation formula.
Each knowledge item is associated with a speci�c code fragment
or subquery in the SQL script.

4.2.1 Implicit Knowledge Examples.To illustrate how implicit
knowledge manifests in practice, we present two examples from the
Toxicology database (Figure 2) mentioned in Section 1. We focus
on implicit knowledge related to the dataset-speci�c conventions
and task-speci�c computations.

Example of dataset-speci�c conventions. Assume a data
practitioner in chemistry is using the Toxicology database. She
knows that �carcinogenic molecules� refers to the molecules with

the �+� value in the �label� column (Figure 2 B). Here, the map-
ping from �carcinogenic� to the �label� column with value �+� is a
form of implicit knowledge, since it is di�cult to directly infer the
meaning of this column just from its name, �label�. However, she
often assumes that the NL-to-SQL model possesses such knowledge,
and thus uses terms like �carcinogenic� directly in her natural lan-
guage instructions without explicitly specifying the corresponding
column or value in the database.

Example of task-speci�c computations. Another type of
implicit knowledge arises from conventions in how certain com-
putations are performed. For example, when a data practitioner is
querying the tables �atom� (Figure 4 A1) and �molecule� (Figure 4
A2), she typically interprets the �least common element� as the
least common element among molecules with known carcinogenic-
ity (Figure 4 B1). In contrast, the model may default to computing
the �least common element� across all molecules in the database,
regardless of whether their carcinogenicity is known (Figure 4 B2).
This di�erence indicates that task-speci�c computations are often
implicitly assumed by data practitioners, but may not be explicitly
stated in natural language, thus require the model to possess such
implicit knowledge for correct interpretation.
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Figure 4: An example of task-speci�c computations, which represent a form of implicit knowledge. Suppose data practitioners
de�ne the �least common element� as computed in B1 when working with the Toxicology database using the table �atom� (A1)
and �molecule� (A2). If the model does not capture this implicit knowledge, it may produce incorrect results such as B2.

4.2.2 Implicit Knowledge Types.We categorize implicit knowledge
according to where it appears in SQL queries based on the grammar
of SQLite [72], a lightweight relational database that is widely
adopted in various NL-to-SQL datasets [7, 39, 47, 93]. We identify
�ve types of implicit knowledge: calculation, condition, relation,
dimension, and output. Below, we describe each type in detail.

Calculation (Expressions in SELECT/ORDER BYclauses).Cal-
culation knowledge involves assumptions about how attributes
are computed, which are often re�ected in speci�c formulas or
the use of functions. For example, when a user asks for the �click-
through rate� (CTR), the precise calculation varies between teams
or organizations, as the term can refer to clicks divided by page
views (�) ' = 2;82:B• ?064 E84FB) or clicks divided by unique users
(�) ' = 2;82:B• D=8@D4 DB4AB), or other more complex formulas,
even though the same term is used.

Condition (Expressions in WHERE/HAVINGclauses).Condition
knowledge captures underspeci�ed constraints that users expect,
often conveyed through modi�ers or contextual cues. For example,
a query like �calculate the number of molecules containing non-
bonding elements� leaves the de�nition of �non-bonding elements�
unspeci�ed. What counts as a non-bonding element may di�er
across teams or organizations, similar to calculation knowledge.

Relation ( FROM-JOINclauses).Relation knowledge refers to
understanding which tables should be joined and how they are
connected. For instance, as illustrated in the task-speci�c compu-
tations example (Section 4.2.1), when a data practitioner queries
� the least common element�, this requires joining the �atom� and
�molecule� tables (Figure 4 B1), even though the join logic is not
explicitly speci�ed in the natural language instruction.

Dimension ( GROUP BYclauses).Dimension knowledge relates
to the granularity at which results are aggregated. For example,
when a data practitioner asks for �the average order value�, she
does not specify whether the average should be calculated across
all orders, per region, or by a combination of dimensions such as
region and customer type.

Output ( ORDER BY/LIMIT/DISTINCTclauses).Output knowl-
edge involves how results should be presented, such as ordering,
limiting, or deduplication. Similar to the dimension knowledge,

users may not state these requirements explicitly, but there are
often conventions or expectations for the output data.

4.3 Usage Scenario
Assume that Emma, a data practitioner in Chemistry, was work-
ing on a toxicology database project. She had authored many SQL
scripts with the aid of LLM-driven NL-to-SQL tools to answer a wide
range of questions. However, Emma noticed that the underlying
model often generated incorrect SQL code, leading to considerable
e�ort in carefully reviewing the generated scripts. Even after pin-
pointing the issues, Emma still needed to write lengthy prompts
to repeatedly explain the dataset-speci�c conventions and clarify
the task-speci�c computations. Seeking better coding assistance,
she turned toCerebra. Emma set up her workspace by connecting
to the database and importing her historical SQL scripts, enabling
Cerebrato extract knowledge automatically.

To start the query, Emma entered a natural language instruction
in the input box (Figure 3 A): �Show me number of non-carcinogenic
molecules and number of carcinogenic molecules with least common
elements.� Based on this instruction,Cerebraautomatically retrieved
relevant knowledge from Emma's past queries and generated a SQL
script in the Script View (Figure 3 B). Emma noticed a signi�cant
improvement compared to other NL-to-SQL tools she had used pre-
viously.Cerebrahad automatically joined the �atom� and �molecule�
tables (Figure 3 B2) to compute the least common elements in the
�least_com_el� subquery, saving her e�ort of repeated clari�cation.

However, Emma was skeptical about the result (Figure 3 D2), as
she believed there should be more than one molecule that met the
criteria, so she �rst clicked the �non_carci_mol� subquery (Fig-
ure 3 B3) to check the inferred knowledge. In the Knowledge
View, she immediately veri�ed thatCerebrahad correctly inter-
preted �Non-carcinogenic� as �ltering molecules with label = �-�
(Figure 3 C3). Besides, she noticed that the �Least common ele-
ment� (Figure 3 C4) only retained a single record. Realizing that
this might be due to an error in the previous �least_com_el� sub-
query, she clicked the subquery (Figure 5 B1) and identi�ed an
output knowledge item (Figure 5 C3) that was restricting the result
to one record (Figure 5 D1). Emma identi�ed the cause: she had
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Figure 5: The usage scenario of re�ning the generated scripts. A) The input box, where users can enter natural language
instructions to improve the query. B) The Script View, which displays the subquery that queries the least common elements
(B1) and its corresponding code (B2). The re�ned script is shown in B3. C) The Knowledge View, which lists implicit knowledge
items (e.g., C2, C3). Users can switch to �modify� mode (C1) to update the knowledge item (C3). D) The Data View, which shows
the intermediate results (D1) of the knowledge item (C3). After re�nement, the result of the whole query is shown in D2.

previously authored a script to query �one of the least common
elements,� causingCerebrato automatically incorporate aLIMIT 1
clause in the current SQL script.

To adapt the query to her current task, Emma switched to the
�modify� mode (Figure 5 C1). She selected the problematic knowl-
edge item (Figure 5 C3), and entered the instruction �Consider mul-
tiple least common elements� in the input box (Figure 5 A).Cerebra
responded by replacing the output knowledge in red with a new
condition knowledge in green (Figure 5 B3), and regenerated the
corresponding script of the subquery. Emma observed that the �nal
result changed from (1, 0) in Figure 3 D2 to (4, 3) in Figure 5 D2,
consistent with her expectations. By reviewing the script and inter-
mediate results, Emma veri�ed the correctness of the outcome and
completed her query authoring task.

4.4 Retrieving Knowledge for Intelligent Code
Suggestions

To o�er intelligent code suggestions (R1), Cerebraretrieves knowl-
edge and injects it in prompts during the code generation process.

4.4.1 Se�ing Up Knowledge Extraction Process.Cerebraextracts
knowledge leveraging users' past scripts. However, it is not a
straightforward process since the accompanying code documenta-
tion such as data dictionaries is usually unavailable [50, 80], which
makes it di�cult to interpret the high-level semantics behind the

scripts. To address this challenge, we designed an auxiliary data
dictionary view in Cerebra(Figure 6). When users �rst import their
database and historical scripts, they can click �Modify Data Dictio-
nary...� on the top navigation bar (Figure 3) to switch to the data
dictionary view, where they are able to interactively edit the column
descriptions to supplement it with dataset-speci�c conventions.

The data dictionary view consists of a table list (Figure 6 A)
which lists all data tables in the database and a data description
view (Figure 6 B) o�ering column descriptions as well as sample
data.Cerebragenerates initial column descriptions according to
the sample data. If users �nd the description of a certain column
is vague (Figure 6 B1), they can double-click the descriptive text
and input their partial descriptions (Figure 6 B2), and letCerebra
complete the rest of the description (Figure 6 B3). Once users �x
the data dictionary, they can click the button (Figure 6 C) to extract
knowledge based on the dictionary and past scripts (Section 4.4.2).

While interactive editing of column descriptions lowers users'
e�ort in building a data dictionary from scratch, it can still be
tedious when many columns have unclear names like the name
�label� (Figure 6 B1). To mitigate the issue,Cerebraalso consid-
ers column aliases in users' past queries (e.g.,SELECT label AS
flag_carcinogenic ), as these aliases often capture users' own
interpretations. These aliases are automatically parsed and used
internally to enhance the quality of suggested column descriptions.
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Figure 6: The data dictionary interface of Cerebra. A) The Table View lists basic metadata for each database table, including
shapes and column names. B) The Data Descriptions View displays sample values along with generated descriptions for each
column. Users can edit the column descriptions by double-clicking on the descriptive text (B1) and entering partial descriptions
(B2).Cerebrawill generate the remainder of the description based on the unique values and format of the column (B3).

By leveraging such aliases alongside sample data,Cerebracan better
suggest meaningful column descriptions and further reduce the
e�ort of manual annotation.

4.4.2 Extracting Knowledge from Historical Code Fragments.Di-
rectly prompting LLMs to extract knowledge from historical scripts
often leads to syntactic errors in the identi�ed code fragments, and
the extracted fragments cannot be always executable to obtain the
intermediate results. To address these issues,Cerebra�rst employs a
rule-based approach to parse historical scripts into code fragments,
before it leverages LLMs to interpret each fragment to obtain the
knowledge in natural language form.

Cerebradecomposes historical scripts into well-formed code
fragments that correspond to the �ve types of implicit knowl-
edge (Section 4.2.2) through the Abstract Syntax Tree (AST). For
calculation knowledge, expressions are extracted by splitting the
SELECTor ORDER BYclause at commas, treating each formula as
a standalone calculation fragment, while preserving the integrity
of nested formulas. For condition knowledge, compound logical
conditions inWHEREor HAVINGclauses are further decomposed into
atomic conditions, ensuring that each simple predicate is extracted
as an individual fragment. For the remaining knowledge types (di-
mension, output, and relation), the correspondingGROUP BY, ORDER
BY/LIMIT/DISTINCT, andFROM/JOINclauses are each extracted as
a whole, preserving their original structure. Detailed parsing rules
can be found in the supplementary material.

After parsing,Cerebraleverages LLMs to interpret each historical
query by �rst generating a natural language description of the
whole script using the data dictionary (Figure 6) for context. For
example, for the query in Figure 4 B1, the script-level description
is: �Find the least common element.� Then, Cerebraprompts the
LLM to produce descriptions for each individual code fragment. For
instance, the fragmentFROM atom AS T1 INNER JOIN molecule
AS T2is described as: �Join atoms and molecules to �lter molecules
with known carcinogenicity.� Both script-level and fragment-level

descriptions are embedded for retrieval, enablingCerebrato better
match user instructions to relevant knowledge.

4.4.3 Injecting Knowledge into Prompts.When users input a natu-
ral language instruction (Figure 3 A),Cerebraretrieves both script-
level and fragment-level knowledge before injecting the knowledge
into prompts to generate SQL scripts. Initially, it matches the user
instruction against the embedded script-level descriptions of histor-
ical queries, using cosine similarity to measure semantic relevance.
Given that the user instructions often do not correspond exactly to
any single past script,Cerebrathen decomposes the user's instruc-
tion into multiple keywords with the help of the LLM, and matches
each keyword with the embedded fragment-level descriptions. For
example, given an instruction such as �Show me number of non-
carcinogenic molecules with non-bonding element�, Cerebraextracts
keywords like �non-carcinogenic molecules� and �non-bonding ele-
ment�, and then retrieves relevant SQL fragments corresponding to
these keywords. Additionally,Cerebrapresents all retrieved scripts
and associated knowledge to the LLM for �ltering and re-ranking,
prioritizing examples most relevant to the current task. Finally,
Cerebrauses the re-ranked scripts, associated knowledge, and the
data dictionary as input for the LLM to generate the SQL code.

4.5 Making Implicit Knowledge Explicit for
E�ective Code Review

To address the challenge of knowledge-code misalignment identi-
�ed in our preliminary study, Cerebrais designed to facilitate code
review by presenting both the code structure and the knowledge
inferred during code generation (R2). This enables users to easily
inspect which aspects of their knowledge are satis�ed or missing
in the generated query.

4.5.1 Visualizing the Data Flow of SQL �eries in the Script View.
The Script View (Figure 3 B) provides users with an overview of
the entire SQL script. It uses a data �ow diagram to visualize the
table-level lineage of the generated SQL script, including input
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tables (e.g., Figure 3 B1), subqueries (e.g., Figure 3 B3), and their
dependencies. Each subquery is represented as a card displaying
key metadata such as subquery names, output columns, column
types, and a list of knowledge items. Clicking on a subquery card
(Figure 3 B3) highlights the corresponding SQL code (Figure 3 B4)
and shows the intermediate execution results.

To support the inspection of intermediate execution results,Cere-
bracomputes a dependency graph among subqueries based on the
ASTs of the SQL script. For each subquery, dependencies are recur-
sively resolved by identifying all referenced tables and Common
Table Expressions (CTEs). Therefore, to compute the execution re-
sult of a speci�c subquery,Cerebrawill automatically execute all
its dependent subqueries in the correct order to avoid syntax errors
caused by unde�ned subqueries.

4.5.2 Presenting Knowledge in the Knowledge View.The Knowl-
edge View (Figure 3 C) presents a structured list of the knowledge
items extracted from the SQL script, organized by subqueries and
clauses. All knowledge items are grouped in a �at, two-level hierar-
chy: the outer level corresponds to subquery names (Figure 3 C2),
while the inner level lists individual knowledge items (e.g., Figure 3
C3) associated with speci�c SQL code fragments, following the exe-
cution order. While this �at, two-level design inevitably omits some
hierarchical information of knowledge items (e.g., two dependent
knowledge items in di�erent subqueries), it simpli�es reading with-
out being overwhelmed by deeply nested SQL structures. Besides,
users can still inspect the hierarchical dependencies by referring to
the Script View if needed.

Each knowledge item corresponds to one of the �ve implicit
knowledge types (see Section 4.2.2) and is presented with a two-
line display: the �rst line is a code fragment-level natural language
description similar to that in Section 4.4.2, while the second line
presents relevant metadata of execution results of the code frag-
ment for further validation. Speci�cally, for the code fragment
corresponding to calculation knowledge, the metadata shows sam-
ple values computed by the expression in theSELECTstatement; for
condition knowledge, it reports both the number of records �ltered
by the atomic condition and by the overall composite condition; for
relation knowledge, it displays the number of rows and columns
after joining the relevant tables; for dimension knowledge, it lists
the distinct values present in the aggregation dimension; and for
output knowledge, it presents a sample of the �nal output records.

When users click on a knowledge item (Figure 3 C3),Cerebra
displays the complete execution results in the Data View (Figure 3
D1), along with highlighting the corresponding code fragment (Fig-
ure 3 B5). Since computing intermediate results for code fragments
can be time-consuming,Cerebraadopts an asynchronous loading
strategy to incrementally present results as they become available,
helping shorten user waiting time and improve interactivity.

4.6 Re�ning Knowledge for E�ective Query
Modi�cation

While historical script retrieval enablesCerebrato capture the im-
plicit knowledge embedded in users' prior work, we found that code
reuse alone is insu�cient for supporting users' evolving query re-
quirements. To better support code editing,Cerebraallows users to

incrementally re�ne the queries by modifying, adding, or deleting
(Figure 3 C1) the knowledge in the Knowledge View (R3).

When modifying, users can select a subquery (e.g., Figure 3
C2) or a speci�c knowledge item (e.g., Figure 3 C3), and enter an
instruction in the input box (Figure 3 A) to update the corresponding
code fragments. To add new knowledge, users can build on an
existing subquery or select the entire SQL query (i.e., the main query
in Figure 3) and provide an additional instruction. This triggers
Cerebrato retrieve and integrate relevant knowledge from historical
scripts. For deleting, users simply select knowledge items to remove
them from the query.

To ensure the syntactic correctness of the entire query after any
modi�cation, Cerebramaintains a dependency graph for all sub-
queries and their associated knowledge items, constructed from
the AST of the whole SQL script. When a user edits a knowledge
item,Cerebra�rst locates the subquery that incorporates the mod-
i�ed code fragment. It then recursively identi�es all downstream
subqueries that depend on the outputs of the a�ected subquery,
following the edges in the dependency graph. For each downstream
subquery,Cerebraautomatically updates the SQL code to re�ect
changes in referenced �elds or aliases. It then re-executes these sub-
queries in topological order, ensuring that any intermediate results
and �nal outputs remain consistent with the updated knowledge.

4.7 System Implementation
We implemented the frontend ofCerebrausing TypeScript in web
browsers, in combination with libraries involving Vue.js, Monaco
Editor [56], and dagre [10]. The Monaco Editor was used to display
and highlight the source code of subqueries, while dagre was used
for automatic layout of the data�ow diagram in the Script View.
The backend ofCerebrawas implemented in Python, utilizing SQL-
Glot [79] for SQL parsing, SentenceTransformers [65] to compute
word embeddings, and Qwen3 [86] as the underlying LLM.

5 User Study
To evaluate the e�ectiveness and usability ofCerebra, we conducted
a user study2 where participants completed SQL authoring tasks
usingCerebraand a baseline tool. We focus on research questions:

� RQ1 (overall experience): To what extent doesCerebra
improve the NL-to-SQL authoring process?

� RQ2 (steering strategies): How do users navigate di�erent
steering mechanisms to align the model with their intent?

� RQ3 (mental models) : How do users understand implicit
knowledge and adjust the explicitness of their prompts?

� RQ4 (transparency & trust) : How doesCerebraa�ect users'
understanding and trust in the generated SQL?

5.1 Participants
In our user study, we recruited 16 data practitioners (denoted as
U1-U16, 10 male and 6 female,�64 <40= = 25”75, �64 BC3= 5”57)
through two channels: 11 participants were recruited via a univer-
sity's internal forum, and the other 5 were recruited from industry
through social media. Participants had diverse backgrounds, includ-
ing Cloud Computing, Biology, Chemical Engineering, Gaming, and

2The study has received approval from State Key Lab of CAD&CG, Zhejiang University.
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E-Commerce. All participants were expert in SQL programming
(�G?4A84=24<40= = 3”94years,�G?4A84=24BC3= 4”02years) and
routinely authored queries in their work (at least once a week).
They also reported moderate familiarity with LLM-driven NL-to-
SQL tools (" = 4”8) on a 7-point Likert scale (1 = not at all familiar,
7 = extremely familiar). Their detailed demographic information is
presented in Table 5 of the appendix. All participants gave consent
for the recording of both their voices and programming processes.

5.2 Apparatus and Materials
5.2.1 Baseline.To evaluate the integration of knowledge inCere-
bra, we designed the baseline tool (denoted as Baseline) as an ab-
lation version that removed all features related to knowledge in
both code generation and interface design. Speci�cally, in code
generation, Baseline used the same backend LLM, but generated
SQL queries solely based on user instructions, data schemas, and
column descriptions, without retrieving knowledge from existing
scripts. In the interface, Baseline omitted all knowledge presenta-
tion by replacing the Knowledge View with a simple chat interface,
where users could enter natural language instructions and receive
generated SQL scripts with textual explanations. The data �ow dia-
gram in the Script View was retained, but knowledge items in the
subquery cards and their corresponding highlights in the code were
removed. Baseline enabled users to generate, review, and re�ne
SQL scripts via LLM-driven code generation.

5.2.2 Datasets.To design a comparative study, we selected two
datasets, denoted asEuropean FootballandToxicology, on the cross-
domain NL-to-SQL dataset, BIRD [47]. Compared to other datasets
such as Spider [93] and Spider 2.0 [39], BIRD features not only
complex and large-scale databases, but also a larger number of SQL
scripts per individual database. This allowed us to better evaluate
the e�ectiveness of knowledge extraction and historical script reuse
in Cerebra. Each dataset contains 11 data columns and more than
50 existing SQL scripts. Both datasets come with prede�ned data-
base schemas and column descriptions, which were provided to
participants directly and did not require any user editing.

5.2.3 Tasks.For each dataset, we designed a statistical task that re-
quired participants to compose a SQL query. The �nal query of each
task was designed to be approximately 30 lines long and to include 3
subqueries. To reduce the impact of initial model output deviations
on the experiment, we provided a dedicated initial prompt for each
task, following the practice adopted in prior work [84]. Detailed
task descriptions, including initial prompts and expected outputs,
are provided in the supplementary materials.

5.3 Procedure
We adopted a counterbalanced mixed design to compareCerebra
and Baseline. We denoted the two tools as C(erebra) and B(aseline),
and the two datasets as E(uropean Football) and T(oxicology). Par-
ticipants were divided into four groups to cover all combinations
of tools and datasets in the following experimental conditions: [CT,
BE], [BE, CT], [BT, CE], [CE, BT], allowing each participant to
experience both tools and mitigating learning e�ects.

At the start of the study, we informed participants about the
relevant background. We then introduced the �rst code authoring

task, during which they practiced with the assigned tool in a warm-
up phase and received a slide deck containing task descriptions,
relevant knowledge, and data dictionaries. After completing the
�rst task, which involved authoring SQL scripts with eitherCerebra
or Baseline, participants �lled out a NASA-TLX [21] questionnaire,
with each question measured on a 7-point Likert scale, to assess
perceived workload. Subsequently, we switched to the second code
authoring task using a di�erent dataset and tool, following the
same procedure. After both code authoring tasks, we conducted a
semi-structured interview comprising three parts. First, we asked
participants to compare their experiences withCerebraand Baseline
in terms of code generation, understanding, and re�nement. Second,
we encouraged participants to share their suggestions for improving
the tool. Third, we asked participants follow-up questions regarding
speci�c issues that arose during the SQL authoring process. The
entire study took around 80 minutes and each participant received
70 Chinese Yuan as compensation.

During the study, we recorded all screen activities and audio.
To analyze the interaction patterns, two authors (SQL authoring
experience:¡ 3~40AB) manually annotated participants' actions
from the screen-capture videos. Disagreements were discussed
and resolved in periodic meetings. When consensus could not be
reached, a third author (SQL authoring experience:¡ 10~40AB)
was consulted to make the �nal decision. For the semi-structured
interviews, we transcribed all audio recordings and conducted an
inductive content analysis [37] to identify recurring themes and
patterns in participants' feedback.

5.4 Results
5.4.1 Overall User Experience (RQ1).Most participants (14/16)
thought that they could better understand the generated code when
usingCerebra, saying it �intuitive� (U4, U5, U7, U8, U12) or �clear�
(U2, U3, U10, U15). Many participants (13/16) found that their natu-
ral language prompts were shorter and more concise when using
Cerebra. U2 further remarked, �It is more like human communi-
cation rather than writing the lengthy code�. Meanwhile, nearly
three-quarters of participants (11/16) said that the code generation
of Cerebrawas �better� compared to Baseline, saying it �accurate�
(U1-U8, U10) or �smart� (U12, U16). Participants also found it easy
to re�ne the generated SQL. As U11 said, �I don't need to tell it
(Cerebra) which lines of code I want to modify since I can directly
select the knowledge that I want to change.�

These subjective experiences of improved work�ow were re-
�ected in objective measures. Participants completed tasks signi�-
cantly faster withCerebrathan with Baseline (ANOVA, main e�ect
of tool: ? Ÿ 0”01). Furthermore, participants reported feeling less
burdened when usingCerebra, rating their perceived Performance
(? Ÿ 0”01) and E�ort (? Ÿ 0”05) workload signi�cantly lower on
the NASA-TLX scale compared to Baseline. Detailed quantitative
results are provided in Appendix B.

To better understand the actual usage ofCerebra, we analyzed
participants' interaction patterns based on the annotated screen-
capture videos. we grouped participants' actions into two broad cat-
egories:query construction andcode understanding . Actions
related toquery construction includePrompt Initialization
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