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Abstract

Spreadsheets play a critical role in modern data
work and are one of the most popular tools for
data analysis across various domains. Despite their
prevalence, spreadsheet tasks often require writ-
ing complex formulas, cleaning tabular data, and a
thorough understanding of the heterogeneous struc-
ture, which are error-prone and time-consuming,
even for expert users. The integration of Large Lan-
guage Models (LLMs) in spreadsheet environments
represents a significant paradigm shift, moving data
analysis and manipulation from manual formulas
to natural language interaction. This survey re-
views the emerging landscape of LLM applications
for spreadsheet tasks, identifies key methodologies,
core capabilities, available benchmarks, and persis-
tent challenges. First, we formulate the spreadsheet
intelligence problem as a workflow of indepen-
dent stages. Next, we categorize existing research
works based on the defined stages and further seg-
regate them into a taxonomy of tasks. Moreover,
we list downstream tasks and their corresponding
benchmarks, forming an end-to-end pipeline. Fi-
nally, we discuss open challenges and outline fu-
ture research directions towards trustworthy LLM
systems in spreadsheet environments.

1 Introduction
Spreadsheet technologies are among the most ubiquitous data
tools, used by practitioners for data-related tasks spanning
from basic data recording to complex modeling and advanced
computation. As such, they are a central component of digital
productivity, with applications ranging from finance and data
science to engineering and administration.

However, many practitioners rely on self-taught or infor-
mal expertise rather than formal instruction [Birch et al.,
2017], leading to the underutilization of advanced function-
alities such as nested formulas, multi-step transformations,
or macros. Moreover, typical spreadsheet workflows fre-
quently involve repetitive operations that are time-consuming
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and error-prone, especially when performed manually. Tra-
ditional rule-based, hard-coded tools (e.g., in Visual Basic)
partially solve these issues but lack the flexibility to accom-
modate the diversity and ambiguity of real-world spreadsheet
workflows. Ultimately, the current state of practice under-
scores the need for intelligent spreadsheet systems that can
interpret user intent, generalize patterns, and automate a vari-
ety of complex tasks [Hermans et al., 2012].

Large language models (LLMs), leveraging their state-of-
the-art capabilities in natural language processing and code
generation, are seen as valuable candidates to bridge this gap
by directly translating human intentions into spreadsheet ac-
tions. Indeed, several LLMs have demonstrated remarkable
capabilities in understanding and reasoning to generate nat-
ural language, code files, and structured data [Jaimovitch-
López et al., 2022]. The integration of Copilot in Microsoft
Excel and Gemini in Google Sheets marked a breakthrough
in the application of generative artificial intelligence to daily
data tasks, changing how users interact with spreadsheets.

Yet, the literature shows evidence that achieving automated
spreadsheet intelligence with LLMs is not straightforward, as
these models reveal limitations when solving related tasks,
e.g., identifying tables or interpreting formatting information
[Dong et al., 2024]. Though these gaps clearly form a re-
search challenge, the related literature is scattered, often fo-
cused on specific downstream tasks and making evaluations
on fragmented benchmarks. With this paper, we bring struc-
ture to the research field of LLM-based spreadsheet intelli-
gence and review the current state of the art to identify open
challenges and support future research progressing in this
field. Specifically, our contributions are as follows.

• We propose a unified problem formulation that organizes
fragmented tasks into a consistent and generic flow. This
enables the structuring of existing and future literature
and provides a clear assessment of the remaining gaps.

• Within this workflow, we categorize existing works into
a taxonomy of tasks, covering both pre-processing tasks
before the LLM is prompted and downstream tasks.

• We identify and review an extensive range of models,
datasets, and methods for solving these tasks. By sur-
veying available benchmarks, we encourage consistent
experimental protocols and reproducible research.

• We scope and discuss the current state of the art, identify



lessons learned, and highlight open challenges that re-
main unaddressed. Thereby, we reveal relevant research
directions with the potential to significantly enhance the
practical ability of LLMs to understand spreadsheets.

Overall, through this extensive survey, we establish foun-
dations to aid future work, aiming for comprehensive, com-
parable, and scalable spreadsheet intelligence systems.

2 Problem Formulation and Methodology
Problem Formulation
Numerous works utilize LLMs for spreadsheet-related tasks.
However, most of them tackle only one aspect of the prob-
lem, lacking a global view. We define Spreadsheet In-
telligence as the overarching goal consisting of three main
stages: Spreadsheet Decomposition, Pre-tokenization, and
Downstream Tasks. We structure the study according to these
stages, allowing researchers to customize and adapt the com-
ponents independently to their architecture.

First, Spreadsheet Decomposition is the problem of de-
tecting structured tables, generated charts, formatting infor-
mation, and notes in a spreadsheet. A spreadsheet file may
contain multiple sheets, each with various components in dif-
ferent formats. Feeding the entire file as input hurts overall
performance. Hence, it is crucial to decompose these ele-
ments and process each one correctly. In Section 3, we dis-
cuss element detection methods from structured format (.xlsx,
.csv) and unstructured PDFs. As tables generally encode
more valuable information and charts can serve as direct in-
put, researchers primarily study the table detection problem.

Next, Pre-tokenization denotes the mapping of decom-
posed elements into a structured representation suitable for
LLMs/VLMs. Here, these heterogeneous components are
transformed into consistent, tokenizable units, ranging from
serialized, flattened table segments to chart descriptions or
rendered images of tables. Section 4 surveys research on text
and image modalities and mentions context enrichment meth-
ods to optimize and augment the input prompt. We also men-
tion more advanced techniques for interacting with spread-
sheets, including restructuring tables into a relational form
for lossless retrieval and equipping agentic systems with ex-
ternal tools for seamless interaction and integration.

Lastly, applying LLMs to spreadsheet workflows ulti-
mately leads to Downstream Tasks & Benchmarks. Sec-
tion 5 lists spreadsheet intelligence tasks, along with available
benchmarks. From our observation, it is necessary to curate
more unified benchmarks that tackle a wider range of tasks.

Survey Methodology
This survey aims to provide a holistic examination of the cur-
rent landscape of spreadsheet intelligence. To the best of
our knowledge, this is the first work to consolidate and an-
alyze research papers regarding LLMs usage specifically for
spreadsheet data. Although surveys on handling general tab-
ular data with LLMs exist (e.g., [Fang et al., 2024]), they pri-
marily focus on serializing tables to text or images. Thus,
when applying LLMs to spreadsheet data, these methods
overlook other informative representations, such as charts or
formatting details, which encode valuable insights that may
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Figure 1: Workflow of LLM for Spreadsheet Intelligence

assist the reasoning process. This poses new challenges in
properly encoding this information for LLMs. Furthermore,
table layouts in spreadsheets are considered semi-structured,
suggesting the need for an oracle module.

We gather 86 papers by systematically selecting works
from multiple corpora: Google Scholar, ACL Anthol-
ogy, IEEE Xplore, ACM Digital Library, and Arxiv, fil-
tering for keywords: LLM; Foundation Model; spread-
sheet/tabular/table data. We first screen papers based on their
titles to filter out irrelevant studies, followed by an abstract-
based screening to exclude papers that do not explicitly pro-
pose novel contributions. We also exclude studies that solely
focus on simple and single tabular reasoning, resulting in 16
works. To expand the literature, we adopt the snowball ap-
proach by identifying articles that the selected studies cited or
that cite them, and we apply the screening procedure again.

All in all, we review 50 publications. From this review,
we formalize a workflow for spreadsheet intelligence that we
illustrate in Figure 1. Then, we categorize different works
into a taxonomy of tasks, summarized in Table 1.

3 Spreadsheet Decomposition
Spreadsheets are semi-structured data, meaning that while
they exhibit specific structures, they often have inconsistent
and irregular schemas. In simple scenarios, they can consist
of a single table with regular rows and columns, consistent
headers, and uniform data types. In many practical settings,
however, they contain text, numbers, merged cells with in-
consistent layouts, or even multiple tables and free-form text
notes using unpredictable formatting. In extreme cases, a
sheet can consist only of random blocks of text with no pre-
cise row-column semantics, and its layout is not readily inter-
pretable without domain knowledge. Additionally, the pres-
ence of embedded charts and images further increases their
structural complexity and complicates automated interpreta-
tion. In some cases, mapping the spreadsheet content to a



Stage Task Corresponding Papers

Spreadsheet Structured format [Chen and Cafarella, 2014; Dou et al., 2018; Fang et al., 2021; Koci et al., 2019]
Decomposition Unstructured format [Hermans and Murphy-Hill, 2015; Li et al., 2025; Shigarov et al., 2016]

Formatting Elements [Chen et al., 2024; Chen et al., 2025; Dong et al., 2024; Li et al., 2023]

Pre-tokenization Text-based Rep. [Chen, 2023; Dong et al., 2024; Fang et al., 2024; Singha et al., 2023; Sui et al.,
2024; Wang et al., 2024a; Wang et al., 2024b; Yu et al., 2023]

Image-based Rep. [Borisova et al., 2025; Deng et al., 2024; Xia et al., 2024]
Prompt Optimization [Chen et al., 2019; Chen, 2023; Cheng et al., 2022a; Cheng et al., 2022b; Dong et

al., 2024; Fang et al., 2024; Fu et al., 2025]
RAG [Shi et al., 2021; Sundar and Heck, 2023; Zhao et al., 2023; Zhou et al., 2025]
Spreadsheet-to-SQL [Jiang et al., 2023; Li et al., 2024]
Agentic Workflow [Chen et al., 2025; Li et al., 2023; Sui et al., 2024; Yao et al., 2023; Ye et al., 2023]

Downstream Question Answering [Cheng et al., 2022b; Dong et al., 2024; Foroutan et al., 2025; Jing et al., 2025]
Tasks Fact Verification [Aly et al., 2021; Thorne et al., 2018]

Editing & Handling [Chen et al., 2025; Indika and Molybog, 2025; Li et al., 2023]
Data Analysis [He et al., 2024; Parikh et al., 2020]
Formula Generation [Chen et al., 2021; Joshi et al., 2024; Wang et al., 2025; Zhao et al., 2024]

Table 1: Taxonomy of tasks on LLMs for Spreadsheet Intelligence.

relational representation is necessary for the use of relational
integration tools for advanced data analysis.

To test different techniques, the EUSES [Fisher and
Rothermel, 2005] spreadsheet corpus has been a favored
choice. However, it does not closely align with real-world
business scenarios. Hermans and Murphy-Hill [2015] ad-
dress this limitation and propose Enron, a much larger col-
lection of over 15,000 spreadsheets retrieved from internal
emails. In addition, DECO [Koci et al., 2019] is a dataset
of annotated spreadsheet files for table recognition, extracted
from Enron. The authors not only annotate the layout roles
for non-empty cells but also mark the table borders.

3.1 Decomposition from Structured Formats
Table recognition is a rich research field that predates LLM
applications to spreadsheet data. Yet, due to the diverse table
formats found in spreadsheets, existing methods still lack reli-
ability; presently, no single solution performs robustly across
all table types [Fang et al., 2021].

Previously, Chen and Cafarella [2014] introduce a two-
phase semiautomatic system that automatically extracts tab-
ular data from spreadsheets, enabling relational spreadsheet
integration. The extractor uses cues from the graphical style
and metadata to extract the spreadsheet data. Next, an in-
teractive repair module identifies similar regions in different
spreadsheets across the dataset, allowing the user to manually
correct other possible extraction errors.

Users often organize similar data and computations by re-
peatedly copying the same block of cells. These blocks use
identical or similar formats, representing the fundamental
structure of spreadsheets. Without a proper tool to extract
these blocks of cells, downstream spreadsheet analysis tools,
such as those for data integration and fault detection, can-
not robustly perform advanced data analysis. To address this,
Dou et al. [2018] define a block and its relevant neighbor-
ing blocks as an expandable group and propose ExpCheck to
extract these structures in spreadsheets. Based on continuous

blocks with the same format, ExpCheck inspects the format of
each block and then classifies them into expandable groups.

3.2 Decomposition from Unstructured Formats
Furthermore, users may share spreadsheets in PDF format.
Extracting structured information from complex, seemingly
unstructured documents remains a fundamental yet challeng-
ing problem across modern industrial applications. These
PDF documents are often untagged, making it more chal-
lenging to recognize tables, charts, and notes. Shigarov et al.
[2016] propose a system to identify tables in untagged PDF
documents. However, it requires adjusting hyperparameters
and ad-hoc heuristic knowledge to retrieve these table cells.

The inherent complexity of irregular table layouts, cross-
references, and heterogeneous formats also causes conven-
tional Optical Character Recognition (OCR) methods to fail.
To address these limitations, AID-agent [Li et al., 2025]
leverage the synergy of OCR systems and LLMs to enhance
text understanding and extraction capabilities. With a cus-
tomizable toolset for handling complex document structures,
it allows for domain- and task-specific customization. Em-
pirical evaluations in real-world scenarios demonstrated that
AID-agent substantially outperforms traditional OCR- and
LLM-based extraction methods.

3.3 Formatting Elements Extraction
Formatting elements, such as background color and borders,
encode valuable visual and contextual hints that help users
understand and process spreadsheets more effectively. They
also define individual regions and encode the semantic mean-
ings of the table. However, due to token constraints, these
elements are often neglected in research works [Dong et al.,
2024]. SheetAgent [Chen et al., 2025] supports limited for-
matting options for the Editing & Handling task. Presently,
Auto-Formula [Chen et al., 2024] and SheetCopilot [Li et al.,
2023] are the only methods that work with formatting infor-



mation. Notably, SheetCopilot supports a wide range of op-
tions, such as customizing fonts, setting data types, merging
cells, and resizing rows/columns.

4 Pre-tokenization
Spreadsheet data shares several aspects with tabular data
while introducing its own challenges; an important challenge
is that a worksheet can consist of multiple tables in different
locations. Moreover, feeding the entire spreadsheet directly
as input can quickly overflow the context window of LLMs.
Even if the tables are extracted separately, understanding and
encoding the relationships between them, or selecting which
ones are relevant for a specific task, remains a challenge. This
section outlines various techniques for table alignment, which
are independent and can be combined in different ways to
achieve a satisfactory global spreadsheet encoding solution.

4.1 Modalities
As LLMs are mostly pre-trained on textual inputs, a rea-
sonable first step is to serialize all structured data into text
data. Recently, following the development of Large Vision-
Language Models (VLMs), several works additionally lever-
age images that are carefully extracted from spreadsheets.

Text Modality
A straightforward approach is to use input tables directly
in formatting languages such as CSV, JSON, HTML, Mark-
down, Pandas DataFrame, or to format them as a list of dic-
tionaries [Singha et al., 2023]. MediTab [Wang et al., 2024a]
pairs column names with cell values, while SheetEncoder
[Dong et al., 2024] pairs cell locations with cell values. Al-
ternatively, Yu et al. [2023] describe the tables as natural
language sentences using pre-defined templates based on col-
umn names and cell values. Crucially, LLM performance
is known to be sensitive to the input format. While JSON
and DataFrame formats are better suited for table manipula-
tion with programming languages, Fang et al. [2024] show
that General Pre-trained (GPT) models perform better with
HTML and XML code for Question-Answering and Fact-
Verification tasks. Additionally, Sui et al. [2024] provide
evidence that, generally, markup languages outperform other
formats for common tabular tasks with GPT models. They
hypothesize that this is due to GPT models being exposed
more frequently to tables in HTML/XML formats, as a large
portion of their training data is obtained from web scraping.

Nonetheless, Chen [2023] show that, despite not being pre-
trained on table-specific corpora, LLMs exhibit strong ca-
pabilities for complex reasoning over table structures when
combined with Chain-of-Thought (CoT) prompting and 1-
shot in-context learning (ICL). This suggests that LLMs
could play a key role in table reasoning tasks. Unlike generic
reasoning, it requires models to understand both queries in
free-form text and semi-structured spreadsheet data.

While CoT methods reason on textual representations,
Wang et al. introduce Chain-of-Table to perform reasoning
directly on tabular representations. They augment the prompt
with ICL and construct a tabular reasoning chain by itera-
tively updating the source table. At each step, the model

plans the next tabular operation based on the current interme-
diate table. As the evolving sequence of table states encodes
the reasoning trajectory for the task, Chain-of-Table supports
more accurate and reliable predictions.

Image Modality
Another less common but recent direction is to investigate
how VLMs handle tabular data when their tables are pre-
sented as images rather than in text formats. Deng et al.
[2024] systematically evaluate both purely textual LLMs and
multimodal LLMs across a range of table-related tasks. The
authors demonstrate that LLMs generally maintain perfor-
mance when presenting tables as rendered images. Similarly,
Borisova et al. [2025] evaluate various LLMs and VLMs on
TableEval using multiple table representation formats: image,
LATEX, XML, HTML, and dictionary. Empirically, image-
based table representations outperform text-based represen-
tations across various metrics. This finding is consistent with
prior research, which has shown that models often perform
on par or better with visual table inputs.

Unfortunately, Xia et al. [2024] show that VLMs do not
work as well with images extracted directly from spread-
sheet data. They assess different VLMs on OCR and vi-
sual format recognition tasks, which also include spreadsheet
table detection as an aggregate task. They also designed
three spreadsheet-to-image variants by adjusting the column
widths, modifying the style of the tables, or applying aug-
mentations to probe model behavior more precisely. Exper-
imental results show that, although VLMs exhibit promis-
ing OCR capabilities, they frequently suffer from cell omis-
sions and misalignment and perform poorly on format recog-
nition, highlighting the need for future approaches that im-
prove spreadsheet intelligence.

4.2 Context Enrichment
Without pre-processing, compression, or enhancement, using
serialized spreadsheets as input quickly skyrockets the token
counts, which ultimately harms performance and costs. Their
tables contain different columns for various feature types or
even a series of values as column names. Rows can be inde-
pendent records or correlated time series data. To holistically
understand such data, it is crucial to fit the encoded tables
within the context window. It is easy to serialize a small ta-
ble and then append it to the prompt. In contrast, for larger
tables, short context length and the quadratic complexity of
self-attention remain unsolved challenges.

Prompt Optimization
To address these issues, naive methods involve truncating the
input given a maximum sequence length. Fu et al. [2025]
introduced a prompt compression method for an LLM tool-
calling on edge devices. Dong et al. [2024] suggested that
encoding categorical features would significantly help reduce
the token count. ColNet [Chen et al., 2019] embeds the se-
mantics of tables by predicting column types. ForTaP [Cheng
et al., 2022a] later adapts BERT architecture and achieves
SOTA performance on HiTab [Cheng et al., 2022b].

A more recent common strategy is to search for and re-
trieve only relevant records, then feed the examples as an
ICL approach. Fang et al. [2024] reported that changing the



prompt from one-shot to zero-shot decreased the accuracy by
30.38% on all tasks. While increasing from one-shot to two-
shot support could improve the model, further increases did
not enhance its performance [Chen, 2023].

Retrieval-Augmented Generation (RAG)
Although LLMs are general models, by incorporating rele-
vant tables, columns, rows, or cells into the prompts, users
can guide the model to generate more specific answers. A
vital task of RAG is extracting the most relevant information
from an extensive database to better guide the LLMs. Since
RAG only works well with a carefully structured database,
adapting this approach requires accurate table extraction.

cTBLS [Sundar and Heck, 2023] is a dense table retrieval
model that uses a dual-encoder to rank table cells according
to their relevance. Based on their ROUGE scores, the knowl-
edge sources are then used to augment the prompt. RITT
[Zhou et al., 2025] filters relevant records from the table by
executing Python code generated by the LLM.

Transforming a table to a graph or tree is a feasible but less
commonly explored method. However, the major downside
is that these structures still have to be converted back to text
when working with LLMs, which might lose their structural
and relational information. Zhao et al. [2023] converted the
tables into trees and used a tuple to save the position, value,
and hierarchical structure of the cell. LERGV [Shi et al.,
2021] is a table-based fact verification framework assisted by
evidence retrieval. A graph encodes the relationship between
a source entity and the retrieved evidence. Then, a verifica-
tion module analyzes this graph to classify the final relation.

4.3 Advanced Transformations
Spreadsheet-to-SQL
Despite the limited number of works on mapping spread-
sheets to relational databases, using SQL as a medium in tab-
ular tasks is an emerging research direction, as tabular data
is closely tied to the structure of relational databases. Com-
pared to RAG methods, SQL-based retrieval offers more ac-
curate and lossless data extraction from tables, which ulti-
mately leads to hallucination-free output.

Table-to-SQL is a preprocessing or data cleaning task.
Here, the system attempts to generate an SQL-friendly format
directly from the table itself. The tools need to understand the
table structure, its column types, and perform table operations
such as pivoting from a wide to a long table, removing dupli-
cated or empty rows and columns, etc. In standardized re-
lational tables, rows represent entities and columns represent
attributes, forming a standard practice in database systems.
However, many tables in real life deviate from this norm.
More than 30% of tables are not relational and require sub-
stantial restructuring before they can be effectively interacted
with SQL tools [Li et al., 2024]. According to a large num-
ber of support requests in community forums, this multi-step
transformation is unfortunately non-trivial and challenging
for both non-technical and professional users. Auto-Tables
[Li et al., 2024] alleviates this burden by streamlining the
process through multi-step transformations using Python or
R to standardize tables into a relational form, enabling seam-
less downstream analytics and eliminating the need for users

to handcraft complex transformation code.
As noted above, spreadsheets do not contain solely tabular

data but are often accompanied by important text data, such as
notes or comments. Text-to-SQL refers to intent understand-
ing, in which the LLM converts natural language prompts into
SQL queries. This requires understanding intent and mapping
words and phrases to the correct tables or columns in order to
make proper use of SQL functions such as JOIN, GROUP
BY, etc. StructGPT [Jiang et al., 2023] further utilizes tables,
relational databases, and knowledge graphs to generalize the
representation across different modalities.

Agentic Approaches
LLMs struggle with direct data manipulation in spreadsheets,
especially when performing complex mathematical opera-
tions or fetching particular numerical values. To overcome
their lack of robustness in handling scattered numerical data,
agentic LLMs emerged as a solution by extending the capa-
bilities of LLMs with a predefined and orchestrated toolset.
Existing agents employ various techniques to decompose
complex tasks, leverage external tools, and utilize sampling
or iterative refinement strategies to achieve their objectives.
Inspired by reasoning paradigms such as CoT, LLMs can be
guided to break down a complex problem into smaller, more
manageable subtasks. For larger tables, Ye et al. [2023]
demonstrated the effectiveness of dividing a large dataset into
compact and interpretable segments and then solving these
sub-problems individually. However, agents do not always
succeed on the first attempt. To improve orchestration ro-
bustness, ReAct [Yao et al., 2023] is a widely-used method.
In this iterative framework, the agent repeatedly analyzes
the requirements, generates action plans, executes them, re-
flects on the results, and refines its plans until the final result
is achieved. Extending beyond traditional table reasoning,
TAP4LLM [Sui et al., 2024] further adapts agents to handle
sampling and augmenting tables, highlighting the versatil-
ity of agents in different tasks. The design of the available
tools critically determines the effectiveness of an agent. Be-
yond basic primitive operations, various systems extend the
toolset to include domain-specific functions. For instance,
SheetCopilot [Li et al., 2023] integrates spreadsheet APIs
as callable actions; SheetAgent [Chen et al., 2025], a self-
evolving multi-agent system, aims to automatically solve a
wide range of spreadsheet reasoning and manipulation tasks.

5 Downstream Tasks & Benchmarks
Spreadsheet intelligence encompasses a wide range of tasks
for real-world applications. LLM-based approaches represent
the prevailing research direction for automating complex data
analysis workflows and enabling natural language interaction
with enterprise data systems. In this section, we list different
tasks and their corresponding benchmarks.

5.1 Question Answering (QA)
QA is among the most common tasks related to spread-
sheet understanding. Here, models answer user queries
about spreadsheet data by mapping user questions to relevant
spreadsheet cells. This involves a wide range of actions, for



example, search, comparison, aggregation, and arithmetic op-
erations. Unlike tabular QA, spreadsheet QA involves reason-
ing across multiple sheets with nested tables, understanding
cell dependencies, and formulas. It reflects practical business
workflows, where users consult spreadsheets for insights such
as summaries, comparisons, or pattern analysis.

Recent research focuses on equipping LLMs with external
tools and domain-specific actions to improve their effective-
ness in spreadsheet environments. This approach transforms
LLMs into interactive agents capable of understanding and
reasoning with spreadsheets to synthesize the final answer. To
further enhance multi-step reasoning across complex sheets,
prompting patterns such as CoT guide the LLM to decompose
the query into manageable sub-tasks before deriving the final
output. In some scenarios, QA also involves semantic under-
standing of cell/region references and aggregation logic.

DSBench [Jing et al., 2025] is a comprehensive benchmark
for evaluating LLM systems on realistic spreadsheet reason-
ing tasks. It comprises 466 data analysis and 74 data mod-
eling challenges, crawled from Eloquence and Kaggle com-
petitions. The data analysis challenges require agents to deal
with long contexts and multimodal task descriptions and rea-
son over large Excel files with multi-table schemas.

SpreadsheetQA [Dong et al., 2024] focuses on referring
to the correct cell location instead of the final answer. This re-
quires models to take cell indices in consideration, challeng-
ing code-based solutions that work solely with DataFrames.

Since spreadsheet-specific benchmarks remain limited, re-
searchers can still benefit from sophisticated Tabular QA
benchmarks. HiTab [Cheng et al., 2022b] extends beyond
flat tables and takes into account hierarchical tables, involv-
ing complex multi-level indexing and implicit relationships.
Empirical results indicate that HiTab is highly challenging for
existing methods and thus can serve as a helpful benchmark
for advancing research in table reasoning.

WikiMixQA [Foroutan et al., 2025] consists of 1000
multiple-choice questions that evaluate multi-modal reason-
ing. In addition to previous benchmarks, it focuses on as-
sessing complex and advanced reasoning that demands syn-
thesizing information across multiple tables and charts. The
authors highlight the persistent limitations of current LLMs
in long-context, multi-modal reasoning capabilities.

Spider [Yu et al., 2018] is a comprehensive text-to-SQL
dataset of more than 10K questions and roughly 6K complex
SQL queries. Thanks to the challenging text-to-SQL task
across domains, where SQL patterns and database schemas
differ between training and test sets, it forces models to gen-
eralize to unseen samples rather than memorize templates.

5.2 Fact Verification (FV)
FV aims to determine the authenticity of a given claim by as-
sessing it based on reliable evidence sources. In domains such
as finance or law, where domain-grounded retrieval and pre-
cise numerical reasoning are critical, FV is necessary to en-
sure that the output is trustworthy. Traditionally, this task fo-
cuses on misinformation detection and knowledge-grounded
reasoning. It requires systems to retrieve supporting evidence
and classify claims as true, false, or unsupported. Early FV
systems relied on information retrieval to perform supervised

classification. LLM reimagined the task by augmenting con-
text with evidence synthesis through an end-to-end reasoning
chain using natural language prompts.

Despite these advances, the possibility of hallucination re-
mains a key challenge. LLMs struggle with fine-grained evi-
dence attribution and are sensitive to the phrasing of prompts.
Modern LLM-based FV systems perform RAG, where mod-
els both retrieve evidence and articulate natural language jus-
tifications. This improves truthfulness and provides verifi-
able, interpretable reasoning chains. Hence, LLM-based FV
serves as a testbed for developing trustworthy AI systems.

FEVEROUS [Aly et al., 2021] evaluates whether a given
claim is supported by evidence from Wikipedia. Compared
to FEVER [Thorne et al., 2018], it introduces longer, more
complex claims and tables as additional sources of evidence.

5.3 Editing and Handling
File editing and handling with LLMs typically relies on a
tool-augmented architecture where the model translates tex-
tual commands into file operations. As LLMs cannot directly
access the file system, it is crucial to equip them with spe-
cialized tools that accept structured parameters describing the
target files, the desired changes, and then execute and re-
turn feedback for further steps. Recent works highlight sev-
eral common patterns in file editing workflows, including in-
cremental context building followed by precise modification
and verification steps. Here, LLMs execute multi-step edits,
chart generation, formatting, and so on using natural language
commands or through agent frameworks.

SheetCopilot [Li et al., 2023] is a benchmark comprising
221 spreadsheet editing tasks and an automated evaluation
pipeline to assess software control capabilities. The integra-
tion of spreadsheet APIs and a Python executor allows LLMs
to retrieve cell values, compute groups, and generate formu-
las in a structured manner. The authors defined a set of atomic
actions that perform core spreadsheet functionalities and can
be composed to execute complex operations.

SheetRM [Chen et al., 2025] focuses on long-horizon,
multi-category spreadsheet tasks. It is suitable for evaluating
agentic systems on file manipulation with reasoning under re-
alistic, real-world challenges.

SODBench [Indika and Molybog, 2025] focuses on gen-
erating explanations from spreadsheet manipulation code,
thereby bridging the gap between the system’s low-level op-
erations and the user’s high-level intents. The authors con-
structed a benchmark of 111 spreadsheet manipulation codes,
aligning with natural language summaries.

5.4 Data Analysis
Tabular data analysis is pivotal across many domains. LLMs
have recently demonstrated strong potential for assisting with
these tasks; however, existing research predominantly targets
QA or FV problems, overlooking advanced analyses such as
forecasting and chart generation.

Text2Analysis [He et al., 2024] is a benchmark that fo-
cuses on complex analytical tasks, which expand beyond
SQL operations and require deep reasoning over tables. It
contains 2,249 query–result pairs over 347 tables, covering



a broad spectrum of advanced analysis scenarios. Evalua-
tions demonstrate that Text2Analysis poses significant chal-
lenges for current systems, highlighting a necessity for future
research in LLM-based tabular data analysis.

ToTTo [Parikh et al., 2020] is a table-to-text dataset con-
sisting of more than 120,000 samples. The task is to produce
a descriptive sentence given a table crawled from Wikipedia
and a set of table cells. The empirical study reveals that ex-
isting methods often generate phrases that contradict the ta-
ble. This suggests that ToTTo can be a reliable benchmark
for high-quality conditional text generation.

5.5 Formula Generation
Writing formulas in applications, predominantly Microsoft
Excel and Google Sheets, is a standard part of data analysis
workflows; yet, composing correct formulas is often tedious
and error-prone, especially for complex operations. Formula
generation with LLMs focuses on translating intents into ex-
ecutable spreadsheet formulas, thereby relieving users of the
need to memorize multiple function names, argument orders,
and nesting patterns. Typical intents involve conditional ag-
gregation, data lookup, and multi-criteria filtering. These ac-
tions require LLMs to understand not only the user’s descrip-
tion but also the underlying sheet layout and data types.

In practice, commercial tools such as Microsoft Excel and
Google Sheets embed their Copilot, Gemini LLMs directly
into the spreadsheet interface. Users can prompt the desired
action, and then the LLMs suggest formulas or automatically
generate formula columns and rows. These systems often pair
formula suggestions with natural language explanations, en-
couraging users to verify and refine the generated expressions
before applying them at scale.

NL2Formula [Zhao et al., 2024] aims to generate exe-
cutable formulas in a given spreadsheet from a natural lan-
guage query. It is a large-scale dataset containing more than
70,000 NL–formula pairs associated with over 21,000 tables
and covering 37 distinct formula function types.

FormulaQA [Wang et al., 2025] is a formula-annotated
dataset for existing tabular QA benchmarks. The authors con-
struct a “Direct” variation that requires LLMs to gain profi-
ciency in tabular QA and a smaller “CoT” variation that fo-
cuses on the reasoning-then-generation pattern.

Chen et al. [2021] constructed more than 800K samples
from 46K Google Sheets files. Although the formula win-
dows are relatively small (at most 10 cells away), the authors
still found it challenging to generate entirely correct formu-
las. Additionally, various frameworks have extracted formu-
las from large corpora, such as EUSES [Fisher and Rother-
mel, 2005] and Enron [Hermans and Murphy-Hill, 2015].

6 Conclusion & Future Directions
Recent works have shown notable progress in addressing
the inherent challenges of representing and reasoning about
spreadsheets. Commercial and research solutions can now
achieve promising results in realistic tasks. Through the in-
tegration of specialized statistical tools to LLM systems, de-
velopers can enhance numerical accuracy and mitigate hal-
lucinations in complex financial contexts. Nevertheless, the

path toward a reliable, autonomous spreadsheet intelligence
system requires further advancements and considerations, as
issues regarding accuracy, explainability, and robust ground-
ing remain unsolved. Regarding the monitoring of complex
reasoning steps, benchmarks reflecting real-world scenarios
with strict validation can help mitigate persistent hallucina-
tions, especially numerical ones.

First, there are still spreadsheet tasks, where LLMs lag
behind human performance. For instance, in DSBench
[Jing et al., 2025], GPT-4o achieves 28.11% accuracy on the
QA task, compared to human performance of 64.04%. The
authors also adapt an agentic workflow, but it only achieves
34.12% accuracy. From our point of view, refining the de-
composition stage and improving multimodal understand-
ing can help models achieve better performance. Moreover,
practical spreadsheet use in corporate environments involves
interconnected workbooks; accommodating multi-sheet and
multi-file functionality is another dimension for expansion.

The above visions require the curation of comprehensive
benchmarks for end-to-end systems. Currently, there is no
gold-standard benchmark for spreadsheet intelligence. As
a consequence, methods are evaluated on different ad-hoc
datasets, making in-depth comparisons difficult or even im-
possible. Future benchmarks should be available to test sys-
tems with messy, real-world-like spreadsheets, comprehen-
sively from the decomposition stage to downstream tasks.

One of the unexplored directions is to leverage generic
tabular reasoning models, including Tabular Foundation
Models (TFMs). For example, TabPFN [Hollmann et al.,
2025] is among the most potent TFMs. Being trained on sev-
eral million synthetic tabular datasets, it can encode new tab-
ular data without fine-tuning, and it has been shown to out-
perform classical machine learning methods by a significant
margin. However, its capability is limited to classification
and regression tasks. Combining the strengths of TFMs for
tabular data encoding with the reasoning abilities of LLMs is,
thus, a promising direction for future work.

Finally, to ensure understanding and trust in LLM-
generated answers, it is necessary to address explainability
specifically for spreadsheets, which requires methods capa-
ble of producing explanations across modalities (text, images,
tabular, etc.). In high-risk domains such as finance, achieving
reliable references to the correct cells is crucial. Along with
interpretability, monitoring explainability allows for human
intervention when the model is not confident about the output.
Unfortunately, in the majority of cases, the best performing
frameworks use closed-source LLMs (e.g., GPT-4o), making
it impossible to examine the underlying reasoning process.

In summary, through this survey, we aim to bring structure
to the research field of spreadsheet intelligence with LLMs,
forming a foundation for reproducible and scalable spread-
sheet understanding systems. We propose a unified prob-
lem formulation as a consistent and generic flow in 3 stages.
Based on this workflow, we organize existing research works
into a taxonomy of tasks, covering both pre-processing tasks
and downstream tasks. By surveying an extensive range of
models, methods, and benchmarks, we study and discuss the
current landscape of spreadsheet intelligence, highlight open
challenges, and point out relevant future research directions



to enhance the ability of LLMs in spreadsheet tasks.
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