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Abstract—Spreadsheets are routinely used in business and
scientific contexts, and one of the most vexing challenges is
performing data cleaning prior to analysis and evaluation. The
ad-hoc and arbitrary nature of data cleaning problems, such
as typos, inconsistent formatting, missing values, and a lack of
standardization, often creates the need for highly specialized
pipelines. We ask whether an LLM can find its way around
a spreadsheet and how to support end-users in taking their
free-form data processing requests to fruition. Just like RAG
retrieves context to answer users’ queries, we demonstrate how
we can retrieve elements from a code library to compose data
preprocessing pipelines. Through comprehensive experiments, we
demonstrate the quality of our system and how it is able to
continuously augment its vocabulary by saving new codes and
pipelines back to the code library for future retrieval.

Index Terms—LLMs, code generation, data cleaning, end-user
programming

I. INTRODUCTION

Pre-trained large language models (LLMs) have demon-
strated significant proficiency in generating code from natural
language prompts, heralding a new era in software develop-
ment [1, 2, 3, 4]. In addition to generating code, modern
integrated development environments (IDEs) also incorporate
LLMs to assist with error correction, code refactoring, and
multilingual programming knowledge. By engaging in English
conversations, LLMs can function as coding assistants, en-
abling users with limited proficiency to produce accurate and
executable code to accomplish their tasks [5, 6].

Nevertheless, LLMs have not yet attained the maturity to
address all or most challenges programmers face in software
development and machine learning [7, 8]. One of the vexing
aspects for programmers involves processing tabular data, e.g.,
in the form of spreadsheets [9, 10]. Such datasets (Fig. 1
for example) frequently suffer from issues like typographical
errors, inconsistent formatting, missing values, and lack of

Fig. 1. Missing values, inconsistent formatting, misspellings, and other
similar issues are frequently encountered in large spreadsheets. Our approach,
TradeSweep , proposes the use of an LLM to systematize data cleaning and
transformations.



standardization, necessitating the creation of highly specialized
pipeline [11, 12].

Data cleaning and data preprocessing is not merely a matter
of resolving inconsistencies; it can significantly impact down-
stream results [13, 14]. For example, correcting typographical
errors in a dataset may inadvertently lead to over-clustering
or under-clustering of the relevant column, while inaccurately
resolving entities can distort the true distribution of data
points. Therefore, these processes must be approached with
care and deliberation, with careful attention to sequential
transformations. The need for automation support is widely
acknowledged [15, 16, 17], particularly for a “human-in-the-
loop” pipeline to guide the cleaning process and prevent
spurious results.

We present TradeSweep (named for its focus on tabular trade
datasets), an approach to use LLMs to systematically trans-
duce spreadsheets. TradeSweep interprets English requests for
data preprocessing and generates code proposals that can be
composed and applied to targeted datasets, achieving high
performance. Similar to how Retrieval-Augmented Generation
(RAG) retrieves context to answer users’ queries, we demon-
strate how elements from a code library can be stored and
retrieved to compose complex pipelines.

The contributions of this paper are as follows:
� TradeSweep utilizes English conversations to understand

and respond to users’ requests with Python code encom-
passing preprocessing functions, supporting three main
capabilities:

1) It produces new code when requested for a com-
pletely new task.

2) It can precisely modify its proposed code based on
users’ feedback in English conversations.

3) The proposed code is automatically tailored to the
target data, including accurate column names and
suitable algorithms.

� TradeSweep develops and continuously expands a library
of fundamental data preprocessing codes by storing ex-
ecutable functions that have been successfully deployed
previously. The augmentation of the code library supports
the composition and creation of elaborate data pipelines.

� To incorporate feedback from users who lack program-
ming expertise, TradeSweep offers both code proposals
and execution results on example data. This allows users
to determine whether to accept TradeSweep ’s proposal
or to make modifications based on output data visualiza-
tions, rather than focusing on code specifics.

� We perform extensive experiments on three trade datasets.
Results show that TradeSweep is capable of generating
executable and efficient code for data preprocessing,
significantly reducing time and effort for data analysts.

II. RELATED WORK

A. Generating Formulas and SQL queries

Formulas and SQL queries are the lingua franca of spread-
sheets. “Formula Language Model for Excel” (FLAME) [18]

is a T5-based model trained exclusively on Excel formulas
and used for code generation tasks such as formula repair,
formula completion, and similarity-based formula retrieval.
(TradeSweep is designed to address various formats of tabular
data, including Excel and CSV.)

A significant amount of research focuses on converting
natural language questions into executable SQL queries (often
referred to as Text-to-SQL) [19, 20, 21, 22]. Most exist-
ing benchmarks primarily focus on small databases, which
do not accurately reflect the challenges of working with
large databases in real-world situations. BIRD (Big Bench
for Large-scale Databases) [23] is a Text-to-SQL benchmark
designed to narrow the gap between experimental and practical
scenarios.

To generate high-level programs, Polozov et al. [24] devel-
oped “FlashMeta” to streamline the development of program
synthesis tools across various domains by offering a reusable,
domain-agnostic set of components, making it adaptable to
tasks such as data extraction and UI programming. Similarly,
Gulwani et al. [25] employed a programming-by-example
approach to help users perform transformations by providing
example input-output pairs, which the system generalizes into
reusable transformation rules. These contributions underscore
the growing accessibility of data manipulation and transfor-
mation functions for both spreadsheet and database users.

B. LLMs with Information Retrieval
While LLMs are highly effective when fine-tuned for par-

ticular NLP tasks, their ability to access and manipulate
knowledge is intrinsically constrained [26, 27, 28, 29]. RAG
[30] has achieved great success by integrating retrieval and
generation techniques, leading to the development of various
related approaches and variations. This line of work has
facilitated the convergence between information retrieval and
information generation.

Language models have shown substantial improvements in
code completion tasks by learning from “internal” source
code contexts [31, 32, 33]. Several retrieval-augmented frame-
works have been proposed, e.g., Retrieval-Augmented Code
Completion framework (ReACC) [34], RedCoder [35], and
RepoCoder [36], These systems however are intended to
support developers rather than end-users.

C. LLMs with Data Interaction
Tian et al. propose SpreadSheetLLM [37], a framework

designed to enable large language models (LLMs) to interpret
and analyze spreadsheet data, focusing on creating an effective
encoding approach that leverages LLMs’ powerful comprehen-
sion and reasoning capabilities. Expanding the application of
LLMs for spreadsheet reasoning and manipulation, Yibin et al.
developed SheetAgent [38], which enables users to perform a
broad range of tasks through natural language interactions.

D. LLMs and Code Generation
Li et al. developed SKCoder [39], a sketch-based code

generation strategy designed to mimic the code reuse behav-
iors of software engineers. To avoid hallucination [40, 41],



works such as Jigsaw [42], ALGO [43], SWE-agent [44],
CodeAgent [45], and CleanAgent [46] implement guardrails
to structure code generation outputs. In general, while LLMs
have strong capabilities in generating code based on user
prompts, they still encounter difficulties in handling algorith-
mic complexities and often require human verification [47, 48]
to ensure correct and/or efficient code. For example, a minor
typo in column names can cause the model to generate code
that applies to the wrong column, and failing to specify an
algorithm in the user’s request may result in functions with
low efficiency. For instance, this could involve generating code
that uses a brute-force approach to sorting numbers instead of
a more efficient algorithm like quicksort.

Jacob et al. [49] conducted a thorough research exploring
the limitations of current large language models for program
synthesis. While LLMs are powerful in generating code,
they can struggle with complex logical reasoning and require
effective prompting skills and user feedback to maximize
performance—a technique we adapted in our experiments.

III. APPROACH

We present TradeSweep , an LLM-based tool that leverages
the LLM’s code-writing abilities to produce executable pro-
grams for these tasks. Users are only required to provide a
dataset in either CSV or Excel format and submit a prepro-
cessing request. As illustrated in Fig. 2, TradeSweep comprises
three primary components:
� Prompt augmentation: This component employs infor-

mation retrieval techniques to select the top-k relevant
codes from the code library. (Section III-B)

� Code generation: The LLM generates a code proposal
and visualized samples of execution results, awaiting user
feedback. (Section III-C)

� Code library: We build a reference document that in-
cludes classic Python scripts for data preprocessing tasks.
(Section III-D)

A. Problem Definition

Let D represent a table with n rows and m columns,
with column names c1; c2; :::; cm denoted as C. Each element
xij , where i 2 f1; :::; ng and j 2 f1; :::; mg, represents the
value of the j-th feature of the i-th data record. In practical
applications, it is often necessary to perform data cleaning
(e.g., handling inconsistent formats, outliers, missing values)
and preprocessing (e.g., normalization, label encoding) on the
dataset D before training a machine learning model.

Let A be a subset of fc1; c2; :::; cmg, representing the col-
lection of columns that require processing. TradeSweep (M)
is designed to receive a preliminary description r of the user’s
data preprocessing requirements in English and to automati-
cally generate Python code f̂ and a processed dataset D̂. To
achieve this goal, TradeSweep (M) begins by constructing a
prompting curriculum denoted as P = [r; C]. This curricu-
lum is then inputted into an LLM as a prompt to develop
Python code that meets the specified requirements r. Using
the code generated by TradeSweep (code proposal G), the

system executes and evaluates G on a subset of D to obtain an
execution outcome O that can be presented to the user. It is
important to note that, TradeSweep operates without requiring
programming expertise from the user, as the specific columns
A necessitating modification are automatically determined by
the model, and the entire process from input description to
execution outcome is managed by the system.

One of the commonly reported challenges with using LLMs
is its vulnerability to hallucinations. In the context of code
generation, this can result in code that includes non-existent
functions or incorrect syntax, among other issues. To address
hallucination challenges, we expanded the existing curriculum
P = [r; C] into P = [r; C;F ]. Here, F denotes a finite set of
closely interconnected fundamental functions that serve as a
reference for the LLM. This approach offers a dual advantage:

1) Decreased Occurrence of Hallucinations: By incorpo-
rating a set of fundamental functions, the likelihood of
hallucinations is reduced.

2) Enhanced Code Generation: LLMs can develop new
code in addition to leveraging the fundamental reference
functions.

To implement the expanded curriculum P = [r; C;F ],
TradeSweep employs an adaptable code library L. First, the re-
quest r is transformed into an embedding representation embr.
A set of k relevant fundamental functions F = ff1; :::; fkg is
then extracted from the code database hembi; functionii based
on the minimum cosine similarity mini2L cosine(embr; embi).
Once a new code proposal G is successfully developed to
meet complex requirements r, typically through interaction
with users, it is saved in the library L. This allows the library
L to continually learn and provide more accurate and advanced
reference functions in the future.

Furthermore, incorporating human feedback in the code
generation process ensures that TradeSweep produces code
meeting user expectations. Specifically, we present the code
proposal G along with an execution result O. This allows
users to inspect and determine if the outcome meets their
expectations. If satisfied, the code is then executed on the
entire dataset, enabling users to verify if the processed data
aligns with their domain knowledge rather than examining
the code in detail. This makes the tool accessible for non-
expert programmers. If the intended outcome is not achieved,
TradeSweep will initiate a continuous conversation P =
[r0; C;F ], where r0 denotes a revision request. In the Results
section (Section V), we demonstrate how TradeSweep achieves
a high probability of meeting users’ requests on the LLM’s first
attempt and adapts more rapidly than baselines when revisions
are requested.

B. Prompt Augmentation

Following the submission of the user’s request for data
preprocessing, TradeSweep examines all functions contained
within the code library to learn from and utilize them as
references. The library comprises code functions commonly
applied in various preprocessing tasks. Along with these



Fig. 2. An overview of TradeSweep with three key components: code retrieval for prompt augmentation, LLM-based code generation followed by human
evaluation, and continuous updates to the code library

functions, data information is also provided to the LLM to
aid its understanding of the dataset structure.

However, inputting both code functions and data infor-
mation can result in a lengthy prompt containing redundant
information. This not only reduces the LLM’s performance
in accurately identifying the most relevant function but also
significantly delays the LLM’s response time. To address this
issue, we aim to shorten the input context. Instead of present-
ing all code functions in the prompt, we utilize information
retrieval (IR) techniques to perform a more precise selection
on code functions, providing the LLM with the most relevant
and useful codes.

We implemented this approach by representing our code
library as a vector database. Each vector includes an embedded
description of a code function, with its corresponding function
code serving as the payload of the vector. During each round
of code generation, we query the vector database to retrieve
k code functions deemed most relevant to the user’s request.
These selected functions are then included in the LLM prompt.
This process not only effectively shortens the prompt length
and reduces the LLM’s response time but also helps the LLM
focus on functions most pertinent to fulfilling the user’s request
(see Fig. 3).

Fig. 3. Identifying relevant code functions for prompt augmentation

While many state-of-the-art tools allow users to provide
<input, output> examples to help the LLM understand the
expected result dataset, this approach becomes impractical for
real-world datasets with massive record volumes. It is gener-

ally impractical for users to define precise pairs of examples
for complex data preprocessing tasks. Additionally, providing
only a small subset of examples could lead to an overfitting
risk, where the LLM might generate code that handles specific
cases accurately but fails to generalize across the dataset.
Therefore, our approach emphasizes a flexible, prompt-based
design, allowing TradeSweep to dynamically interpret natural
language requests and generate adaptable code. This design
choice focuses on key prompt components, enhancing both
the adaptability of code to varied user needs and overall user-
friendliness.

C. Code Generation

Once the top-k relevant codes have been retrieved as candi-
date codes, a prompt for the LLM is created by combining the
candidate codes with data information and the user’s request.
The LLM examines the provided information and produces a
code proposal designed to accomplish the requested task. If
the LLM does not find any candidate code that aligns with the
user’s request, it generates a novel code function.

The process of code generation includes iterative enhance-
ments under the following scenarios after the initial code
proposal is generated:

1) Incorrect Code Proposal Format: We provide the LLM
with a response template specifying that the proposal
format should include a Python code function that reads
a dataframe and returns it at the end. The proposal
should also include a function call for applying the code
to the data. If either of these components is missing in
the generated code, the LLM automatically modifies the
proposal to meet the required format.

2) Execution Error: Once a code proposal is generated
in the expected format, it is tested on sample data. If
execution fails due to bugs, syntax errors, exceptions, or
other issues, both the code and its corresponding error
message are returned to the LLM for revision.




