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Abstract

Understanding and reasoning over complex spreadsheets re-
main fundamental challenges for large language models
(LLMs), which often struggle with accurately capturing the
complex structure of tables and ensuring reasoning correct-
ness. In this work, we propose SheetBrain, a multi-agent rea-
soning framework featuring a symbolic dataflow designed for
accurate reasoning over tabular data, supporting both spread-
sheet question answering and manipulation tasks. SheetBrain
comprises three core modules: an understanding module,
which produces a comprehensive overview of the spread-
sheet—including sheet summary and query-based problem
insight to guide reasoning; an execution module, which in-
tegrates a Python sandbox with preloaded table-processing
libraries and an Excel helper toolkit for effective multi-turn
reasoning; and a validation module, which verifies the cor-
rectness of reasoning and answers, triggering re-execution
when necessary. We evaluate SheetBrain on multiple pub-
lic tabular QA and manipulation benchmarks, and introduce
SheetBench, a new benchmark targeting large, multi-table,
and structurally complex spreadsheets. Experimental results
show that SheetBrain significantly improves accuracy on both
existing benchmarks and the more challenging scenarios pre-
sented in SheetBench.

Code — https://github.com/microsoft/SheetBrain

Introduction
Large language models (LLMs) have achieved remarkable
success across diverse natural language understanding and
generation tasks, particularly in domains involving unstruc-
tured text (Xu et al. 2025; Wang et al. 2024; Pan et al.
2024). However, their ability to understand and reason over
complex spreadsheet data for question answering (QA) and
manipulation remains a fundamental challenge (Zhu et al.
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2025; Chen et al. 2024; Li et al. 2023). Real-world spread-
sheets—especially Excel-like files—often contain multi-
table layouts, hierarchical structures, lengthy content, and
other complex formatting elements (Wu et al. 2025b; Li
et al. 2024b; Zhao et al. 2022; Cheng et al. 2021). These
factors significantly increase the difficulty of accurately cap-
turing the table semantics and performing reliable reasoning,
limiting the effectiveness of current LLM-based approaches.

Model Complex Multi Large Sheet Edit Total
Test Cases 21 20 20 8 69
Vanilla LLM:

gpt-4.1 16 17 1 – 34
Proprietary Agents:
BizChat Analyst 18 14 9 6 49
ChatGPT (4o) 13 8 9 – 34
Open-Sourced Agents:
StructGPT (4.1) 12 1 0 – 13
SheetAgent (4.1) 11 10 10 4 35
SheetBrain (4.1, ours) 20 18 11 6 55

Table 1: Comparison results on our proposed benchmark
Sheetbench. Reasoning over complex, multi-table, and large
spreadsheets remains a significant challenge for existing
LLM-based approaches.

Prior works (Chen et al. 2024; Jiang et al. 2023; Li et al.
2023) have shown that LLMs can perform QA and manipu-
lation effectively on simple tables and handle basic instruc-
tions. However, they often struggle with challenging scenar-
ios involving complex and large spreadsheets. This is em-
pirically demonstrated in the examples summarized in Ta-
ble 1, where comparison results confirm that LLM-based
methods still have significant room for improvement. From
these cases, we identify three key findings: (1) These meth-
ods do not explicitly analyze the spreadsheet structure or un-
derstand the query context beforehand, so their reasoning
tends to be blind and inefficient; (2) The proprietary agent
BizChat (Microsoft Corporation 2025) shows better perfor-
mance on complex and large tables compared to vanilla
LLMs by integrating symbolic code execution sandboxes;
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(3) The agents often rely on multi-step reasoning that is
prone to getting stuck in local or narrow perspectives, lack-
ing mechanisms for reflection.

Inspired by these findings, we present SheetBrain, a rea-
soning framework that enhances LLMs’ ability to under-
stand and reason over complex spreadsheets for QA and ma-
nipulation. As shown in Figure 1, SheetBrain begins with
an understanding module that generates a comprehensive
overview of the spreadsheet, including a sheet summary and
query-specific problem insights, which serve as a scaffold
for high-level reasoning. Next, an execution module lever-
ages a specialized Python sandbox integrated with preloaded
table-processing libraries and a custom Excel helper toolkit
to enable tool-augmented, multi-turn reasoning of tabular
data. Finally, a validation module verifies the correctness of
both reasoning and output, triggering re-execution with im-
provement feedback when necessary to avoid getting stuck
in local errors and to improve reliability. These compo-
nents bridge the gap between challenging tabular cases and
reasoning capabilities of LLM agents, enabling more ro-
bust, accurate, and interpretable performance across diverse
spreadsheet scenarios.

To evaluate the effectiveness of SheetBrain, we conduct
extensive experiments on several public spreadsheet QA and
manipulation datasets. Additionally, we introduce Sheet-
Bench, a new benchmark specifically curated to reflect chal-
lenges such as large sheets, multi-table layouts, and deeply
nested structures. Experimental results show that SheetBrain
not only outperforms strong baselines—including vanilla
LLMs and spreadsheet LLM-based agents—across public
benchmarks, but also generalizes significantly better to the
complex scenarios presented in SheetBench.

We summarize our contribution as follows:

• We propose SheetBrain, a novel spreadsheet agent based
on an understand-execute-validate pipeline. It first gener-
ates a comprehensive overview of the spreadsheet, then
passes it to a neuro-symbolic workflow execution mod-
ule that integrates the code sandbox along with dedicated
libraries and toolkits for reasoning, and finally to a val-
idation module for verification, triggering re-execution
with improvement feedback when necessary.

• We introduce SheetBench, a new benchmark comprising
69 challenging real-world spreadsheet QA and manipula-
tion tasks, specifically designed to evaluate LLM perfor-
mance on large-scale, structurally complex spreadsheets
featuring multi-table layouts. Experimental results show
that SheetBrain achieves state-of-the-art performance,
outperforming vanilla LLMs such as GPT-4.1 (OpenAI
2025a), o4-mini (OpenAI 2025b), DeepSeek-R1 (Guo
et al. 2025), and Qwen-3-32B (Yang et al. 2025), as well
as prior open-source and proprietary spreadsheet agents
across three public benchmarks. On SheetBench, Sheet-
Brain demonstrates significantly superior performance,
highlighting its capability to handle challenging sheets.

• We conduct extensive experiments and analyses, includ-
ing module ablations that demonstrate the importance
of both understanding and validation, evaluations of
different tool roles highlighting the symbolic dataflow,

and investigations into effective spreadsheet encoding
strategies. These provide valuable insights and guid-
ance for future spreadsheet agent designs. Additionally,
we present case studies comparing existing proprietary
agents with SheetBrain, revealing key findings.

SheetBrain
SheetBrain employs a robust three-stage pipeline: under-
stand, execute, and validate. In the understanding stage, the
LLM generates both a sheet summary and task-specific in-
formation to develop a global comprehension of the spread-
sheet, laying the foundation for the subsequent stages. Dur-
ing execution, the LLM operates within code sandbox envi-
ronment equipped with preloaded table-processing libraries
and a customized Excel helper toolkit, enabling effective
neuro-symbolic reasoning. In the validation stage, the LLM
evaluates whether the execution reasoning and results are
reasonable. If inconsistencies arise, the execution module in-
corporates feedback from the validation module to refine its
reasoning and re-execute, iteratively enhancing the outcome.

Understanding Module
The understanding module serves as SheetBrain’s cognitive
front-end, transforming a user query and raw spreadsheet
data into valuable prior knowledge. As shown in Figure 2,
given the raw spreadsheet data and user query, we prompt
the LLM to generate a sheet summary that includes the
sheet’s purpose, object relationships and structures, as well
as problem insights indicating which parts of the spreadsheet
data are relevant to the query. To balance providing suffi-
cient context with computational constraints—especially for
ultra-large spreadsheets—it employs dynamic token budget
management, allocating a token budget per sheet to capture
essential information while avoiding context window over-
flow. Within this budget, we utilize an enhanced markdown
serialization that encodes cell content, cell position notation,
and merged cell annotations. This approach preserves cru-
cial 2D spatial context, enabling the agent to perceive the
sheet’s layout in a manner that mirrors human visual inter-
pretation and reasoning. The detailed information generated
by this module is listed as follows:

• Sheet Summary: An overview outlining the work-
book’s overall objective, key relationships (e.g., between
sheets), and data structure organization, as well as con-
ducting an in-depth structural analysis, for example, as
shown in Figure 2, by recognizing that “each user’s
data occupies a distinct multi-row block”, the summary
guides the execution module to iterate over blocks rather
than individual rows.

• Problem-Specific Insights: Insights derived directly
from the user’s query, which include identifying impor-
tant rows and columns, recommending focus areas, and
suggesting strategic approaches for the execution mod-
ule. The recommendation to “Filter users with chat ser-
vice count > 11” exemplifies this by providing a direct,
executable strategy that prunes the search space, ensuring
the final execution is both efficient and accurate.
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Figure 1: SheetBrain Pipeline. SheetBrain adopts a robust three-stage pipeline: understand, execute, and validate. It first con-
structs a global, query-aware understanding of the spreadsheet, then performs tool-augmented reasoning in a Python sandbox,
and finally validates and refines its output through iterative self-correction.

Figure 2: The workflow of the understanding module.

Execution Module
The execution module serves as the operational core of
SheetBrain, where task decomposition, code generation, and
data manipulation occur. The module is built upon three
main components: an Excel-specific tooling protocol; a sym-
bolic dataflow architecture equipped with a code sandbox;
and an iterative reasoning and execution cycle. This design
allows the agent to have several interactive turns to perform
neuro-based reasoning or treat Excel files as manipulable
variables, providing a persistent environment for symbolic

computation.

Excel-Specific Tooling Protocol Our Excel-specific tool-
ing protocol is empirically designed based on systematic
analysis of common operational patterns and failure modes
encountered by agents working with spreadsheets. The pro-
tocol encapsulates these insights into a set of specialized
Python functions that integrate neural reasoning with sym-
bolic execution. It enables seamless conversion of spread-
sheet data into standard Python data structures, facilitat-
ing complex analyses through symbolic code. For example,
the protocol incorporates robust search capabilities that sup-
port exact matches as well as partial and whitespace-tolerant
queries, enhancing resilience to noisy or ambiguous inputs.
Additionally, it provides fine-grained cell inspection, includ-
ing extraction of visible values, formatting attributes (e.g.,
cell color, font), and underlying formulas. These features
allow agents to leverage critical visual and structural cues
essential for understanding spreadsheets in real-world sce-
narios.

Symbolic Dataflow Architecture Unlike conventional
agents that rely on neural dataflow—embedding raw tool
outputs back into the LLM’s context—SheetBrain employs a
symbolic dataflow architecture. This design handles queries
by storing the sheet in a named variable, and generating code
that directly references this variable to perform operations
like counting the occurrences of values in a column, en-
abling accurate and precise answers (see Appendix Case 2).
In contrast, neural dataflow approaches return thousands of
raw data entries into the LLM’s context, consuming exces-
sive tokens that may exceed the context limit and hinder ac-
curate computation. By offloading operations to the Python
interpreter, SheetBrain ensures computational fidelity and
scalable memory, allowing it to process large spreadsheets
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where neural dataflow agents face fundamental limitations.

Iterative Reasoning and Execution Cycle The execution
module does not follow a single-shot execution paradigm.
Instead, it adopts an iterative cycle alternating between rea-
soning and execution. In each iteration, the agent performs
reasoning based on the query, the current symbolic state,
and prior outputs, then generates corresponding code. This
code is executed within a sandbox, which updates the sym-
bolic state with new or modified variables. The resulting
outputs—whether values, transformed DataFrames or er-
rors—are returned as feedback to the agent. This feedback
guides the agent’s subsequent reasoning, enabling it to re-
fine its strategy, correct errors, or advance to the next logical
subtask. For example, the agent may first load a sheet, then
apply a filter, and subsequently aggregate the filtered data.
This cycle continues until the agent determines that the task
is complete and the current output satisfies the user query.

Validation Module
The validation module serves as the final and critical stage in
the SheetBrain pipeline, functioning as a quality assurance
and self-correction mechanism. It is invoked after the execu-
tion module generates a provisional answer, and is respon-
sible for systematically evaluating the result before produc-
ing the final output. This evaluation is guided by a structured
checklist and is informed by multiple inputs: the spreadsheet
preview, the reasoning trace, the execution logs, the origi-
nal user query, and the proposed answer. These inputs are
cross-referenced to verify logical consistency, correctness,
and relevance. The checklist assesses key dimensions such
as data handling (e.g., extraction, transformation accuracy)
and answer quality (e.g., completeness, format adherence,
and alignment with the user query). The module outputs
a binary decision—pass or fail—along with a confidence
score ranging from 0 to 1. In case of failure, it provides de-
tailed diagnostic feedback and concrete suggestions for im-
provement, which are forwarded to the execution module.
This feedback initiates another execution cycle, enabling the
agent to revise its approach and correct errors. The process
repeats iteratively until the validation module returns a posi-
tive judgment. Only then is the final answer delivered to the
user. This closed-loop feedback architecture is crucial for
achieving high reliability and precision in complex spread-
sheet reasoning tasks.

SheetBench
To address the gap in existing spreadsheet benchmarks,
which focus on small, well-structured tables and over-
look real-world complexity, we carefully developed Sheet-
Bench—a comprehensive benchmark designed to eval-
uate methods’ capabilities in challenging spreadsheet
QA and manipulation tasks. Compiled from 11 pub-
lic sources—including HiTab (Cheng et al. 2021), Mi-
moTable (Li et al. 2024b), RealHiTBench (Wu et al. 2025b),
MultiHiertt (Zhao et al. 2022), DabStep (Egg et al. 2025),
SheetCoPilot (Li et al. 2023), SpreadsheetBench (Ma et al.
2024), SheetAgent (Chen et al. 2024), NCSE (for Sci-
ence and Statistics 2025), MMQA (Wu et al. 2025a), and

CodaBench (Xu et al. 2022)—it contains 69 cases care-
fully selected by human annotators for their challenge to
existing LLM agents such as ChatGPT (OpenAI 2023)
and BizChat (Microsoft Corporation 2025). During the cu-
ration process, we also corrected queries and sheet is-
sues that could cause misleading errors, ensuring these
69 cases maintain high quality and reliability. The bench-
mark systematically assesses methods across four key chal-
lenges—understanding complex structures, reasoning over
multiple tables, scaling to large sheets, and performing
spreadsheet editing. Covering a wide range of tasks from QA
to manipulation involving formula propagation and layout
modifications, SheetBench provides a rigorous and holistic
testbed for advancing spreadsheet intelligence.

Experiments and Analysis
Experimental Setup
Benchmarks To comprehensively evaluate the perfor-
mance of SheetBrain, we conducted extensive experiments
across multiple benchmarks. Our evaluation covers three
public datasets: MultiHiertt (Zhao et al. 2022) (for numerical
reasoning over multi-hierarchical tabular and textual data),
RealHiTBench (Wu et al. 2025b) (featuring complex, real-
world hierarchical tables for LLM-based table analysis), and
SpreadsheetBench (Ma et al. 2024) (a challenging bench-
mark for real-world spreadsheet manipulation tasks), all of
which allowed us to evaluate capabilities in table-based rea-
soning and operations. Additionally, we introduce our own
benchmark, SheetBench, specifically designed to address
the challenges posed by large, multi-table, and structurally
complex spreadsheets.

Baselines Our comparison targets include two categories
of models: (1) vanilla LLMs, encompassing several open-
source and closed-source models accessed via API, includ-
ing GPT-4.1 (OpenAI 2025a), o4-mini (OpenAI 2025b),
4o (Hurst et al. 2024), Qwen-3-32b (Yang et al. 2025), and
DeepSeek-R1 (Guo et al. 2025); and (2) specialized spread-
sheet agents, namely StructGPT and SheetAgent. To ensure
a fair comparison, all agent-based models, including our
SheetBrain, utilize GPT-4.1 as their backbone LLM. In our
implementation of SheetBrain, we set a 10,000-token budget
for the initial data preview. The spreadsheet’s structure is se-
rialized using a Markdown format that includes A1-style cell
position notation and explicit indicators for merged cells.

Evaluator For SpreadsheetBench, we use its official eval-
uators to assign scores. For evaluating MultiHierTT, Real-
HiTBench, and SheetBench, we employ an automated LLM-
as-judge evaluator (Li et al. 2024a), co-developed along-
side the SheetBench dataset, to ensure consistent and scal-
able correctness assessment. It is important to note that our
judge does not ”grade open-ended text.” Instead, for QA
tasks, it performs a canonicalized comparison between the
model’s answer and the gold reference from the benchmark.
We found this approach to be significantly more robust than
raw string exact match (EM) for spreadsheet answers, which
often include variations in units, formatting, or minor nu-
meric discrepancies. Our evaluator prompt is provided in the
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Model Multihiertt Spreadsheetbench Realhitbench Sheetbench
Cell Sheet Overall Fact Checking Data Analysis Numerical Reasoning Overall

Vanilla Models
gpt-4.1 53.5 NA NA NA 75.0 71.1 70.4 70.0 50.7
o4-mini 54.2 NA NA NA 76.7 71.4 77.0 71.7 52.0
4o 51.8 NA NA NA 74.3 63.9 71.4 67.7 50.7
Qwen3-32b 50.2 NA NA NA 73.9 71.4 66.7 68.1 50.7
Deepseek-R1 51.1 NA NA NA 69.6 50.0 66.7 64.6 52.0

Other Models
StructGPT 13.0 NA NA NA 44.3 30.8 42.9 40.3 21.3
SheetAgent 35.3 14.3 33.7 21.8 70.1 31.8 68.6 58.8 50.8
SheetBrain (ours) 62.6 35.4 37.8 36.4 85.5 71.8 73.6 78.3 80.3

Table 2: Main Results: Performance of various models across four evaluation datasets. Each dataset may have multiple sub-tasks
(e.g., fact-checking). The evaluation for sheetbench focuses solely on question-answering tasks, and the visualization category
has been excluded from realhitbench. NA indicates the model does not support the required task capability

Appendix.

Main Results
As shown in Table 2, across all benchmarks, SheetBrain
achieves substantial performance gains over existing meth-
ods. It attains state-of-the-art results on all QA and manip-
ulation benchmarks, and also demonstrates superior perfor-
mance on the more challenging cases in SheetBench.

QA Compared with vanilla LLMs, GPT-4.1-based Sheet-
Brain improves accuracy by 9.1% over vanilla GPT-4.1, and
also outperforms other LLMs and agents in MultiHiertt. In
RealHitBench, SheetBrain improves overall performance by
8.3%, with a notable gain of over 10% on fact-checking, as
well as improvements in data analysis and numerical reason-
ing, compared to vanilla GPT-4.1. This suggests that our ap-
proach is particularly effective in scenarios that demand pre-
cise cross-referencing and consistency checks, which may
benefit from the inherent validation mechanisms in our de-
sign. The relatively smaller gains in data analysis and nu-
merical reasoning imply that these tasks are more execution-
driven and less dependent on iterative validation.

Manipulation Within the set of baselines, only SheetA-
gent possesses table-editing capabilities; accordingly, we
conduct a direct comparison between SheetBrain and Shee-
tAgent. Experimental results demonstrate that SheetBrain
surpasses SheetAgent by nearly 15% in accuracy, with even
greater gains observed at the cell level. These findings under-
score the superior fine-grained capability of our approach in
performing precise table manipulations.

Ablation Studies
We conducted a series of ablation studies to dissect the spe-
cific contributions of each key component within the Sheet-
Brain framework.

Ablations on Understanding and Validation Modules.
We assess the contributions of the understanding and vali-
dation modules. The results show that removing the under-
standing module leads to a 3.3% performance drop on both
RealHitBench and SheetBench. Similarly, disabling the val-
idation module results in a comparable performance decline,

confirming its critical role in verifying and correcting the ex-
ecution process. When both modules are removed simulta-
neously, performance further degrades to 73.3% on RealHit-
Bench and 73.8% on SheetBench, which confirms that these
components offer complementary advantages and jointly en-
hance the system’s overall accuracy.

Ablations on Components of Execution Module. We an-
alyze the internal components of the execution module in
4. With the full suite of custom sheet toolkit, our method
achieves an accuracy of 79.1% on SheetBench. When the
inspector tool is removed, accuracy drops to 77.3%, and
it further decreases to 73.1% when the search tool or all
tools are removed. More importantly, when we replaced our
code sandbox with a traditional neural calling (JSON-based)
approach, the accuracy plummeted to 65.1%. This stark dif-
ference powerfully demonstrates the overwhelming advan-
tage of our code sandbox architecture and its integrated sym-
bolic tool suite for handling data-intensive spreadsheet tasks.

Ablations on Serialization Strategies for Sheet Content.
to investigate the impact of serialization strategies for sheet
content on the performance of SheetBrain, we evaluate a va-
riety of serialization formats, grouped into two main cate-
gories: Markdown-based and HTML-based representations.
The Markdown-based approaches include a plain markdown
format without positional metadata, as well as a variant
that incorporates explicit cell position information. In con-
trast, the HTML-based methods include a plain HTML table
representation, an HTML structure that mimics markdown
style with added cell positions, a format that adds both cell
positions and colspan attributes, and finally, a variant that
utilizes row tags and colspan, while omitting explicit col-
umn positions. Table 5 presents the performance comparison
across these serialization schemes. The results indicate that
HTML-based serializations perform slightly better than their
Markdown-based counterparts. More notably, the inclusion
of cell position information yields a significant performance
improvement across both categories, highlighting the impor-
tance of spatial context in structured data understanding. In-
terestingly, among the HTML variants, the format employ-
ing row tags with colspan, but without explicitly specifying
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Understanding Validation Realhitbench SheetBench

✓ ✓ 78.3 80.3
✗ ✓ 75.0 77.0
✓ ✗ 76.7 77.0
✗ ✗ 73.3 73.8

Table 3: Ablation study with different components removed.
✓ indicates the module is used; ✗ indicates it is removed.
Results are shown as hit rate percentages.

Execution Method Accuracy (%)
Code Sandbox Approach

Full Method (All Tools) 79.1
w/o Inspector Tool 77.3
w/o Search Tool 73.1
w/o All Tools 73.1

Traditional Tool-Use Approach
Neural Calling (JSON-based) 65.1

Table 4: Ablation study of the execution module’s com-
ponents on the SheetBench dataset. We compare our full
method using a code sandbox against variants with spe-
cific tools removed, and against a traditional neural calling
(JSON-based) approach. The results highlight the signifi-
cant performance gains from our integrated tool suite and
the code sandbox architecture for data-intensive tasks.

cell positions, outperforms the version that encodes precise
cell positions. This suggests that providing high-level row
structure and span information may be more beneficial than
overly detailed positional encoding, possibly due to reduced
noise or increased generalizability.

Qualitative Analysis and Insights
Strategy Adaptation Based on Table and Query Charac-
teristics. To gain a deeper understanding of SheetBrain’s
performance advantages and internal mechanisms, we con-
duct a qualitative analysis, which reveals a complex trade-off
between symbolic computation and neural reasoning.

• Symbolic computation excels in scenarios involving
large or extra-large tables and tasks requiring complex,
multi-step calculations. For example, when a task re-
quires filtering a 100,000-row table and then computing
a conditional average, the neural approach is infeasible.
The entire dataset cannot be encoded into the context.
SheetBrain’s symbolic approach handles this gracefully
by loading the data into a pandas dataframe and exe-
cuting a few lines of code, demonstrating a significantly
higher performance ceiling for data-intensive operations.

• Neural reasoning also shows competitive potential in
specific niche cases: small-to-medium-sized tables with
complex hierarchical structures. When the entire table
can be fully encoded within the LLM’s context window,
the model can sometimes leverage its powerful pattern-
matching capabilities to directly comprehend a complex

Encoding
Type

Variant Accuracy

Markdown Pure Markdown 63.3
With Cell Position 75.0

HTML

Pure HTML 59.7
MD-like HTML + Cell Pos. 76.3
HTML + Colspan + Cell Pos. 76.0
HTML + Colspan + Row Tag 76.7

Table 5: Accuracy of different table encoding variants.

layout (e.g., intricate multi-level headers) holistically.
For instance, Case 4 perfectly illustrates this niche sce-
nario: the symbolic approach failed on a simple query
about fishery landings because it overlooked the crucial
“of which” breakdown items within the complex row
headers, leading to an incorrect parse. By contrast, neu-
ral reasoning, with the entire table encoded in its context,
leveraged its holistic pattern-matching capabilities to di-
rectly comprehend this indented layout and accurately
extract the answer. In such a scenario, a direct neural in-
ference can be more straightforward than a step-by-step
symbolic process of inspecting and parsing the structure
through code.

The observation suggests that guiding the agent to dif-
ferentiate its strategy based on the table characteristics and
query type can lead to performance gains. Specifically,
prompting the agent to output its thought process for small-
to-medium tables with complex hierarchies, while default-
ing to executing code for large tables or complex multi-step
calculations, improves overall QA accuracy. This dynamic,
scenario-based strategy selection allows the agent to better
leverage the respective strengths of both neural reasoning
and symbolic computation.

Limitations of Spreadsheet Previews in Existing Agents.
Current agents like ChatGPT (OpenAI 2023) often struggle
with spreadsheet analysis because they rely on a single, lim-
ited method for previewing data. By only loading and dis-
playing the first few rows (e.g., using df.head()), they
get a severely restricted view of the sheet’s structure. This
blind approach is a major limitation, especially when dealing
with spreadsheets that have complex hierarchical layouts or
multiple tables. As demonstrated in case analysis 1, this can
lead to a fundamental misinterpretation of the data, such as
failing to correctly identify a non-standard header row. This
initial misunderstanding can cause the entire analysis to fail.
This very observation, confirmed by poor performance on
complex and multi-table categories in tests like SheetBench,
highlights the critical need for a more comprehensive un-
derstanding module that can provide a full content overview
before attempting any analysis.

The Need for Global Verification During Execution.
Our error analysis revealed that even symbolic methods have
specific failure patterns. During the code execution and out-
put observation process, the agent can become overly fo-
cused on the local information returned from a single step,
causing it to ignore the global context. For instance, as
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Model Complex Multi Large Sheet Edit Total
Test Cases 21 20 20 8 69

Vanilla Models
4o 16 16 2 NA 34
o3 19 15 4 NA 38
o4-mini 16 16 3 NA 35
o3-mini 16 17 4 NA 37
4.1 16 17 1 NA 34
Qwen-3-32b 17 16 1 NA 34
Deepseek-R1 16 17 2 NA 35

BizChat Analyst 18 14 9 6 47
ChatGPT (4o) 13 8 9 NA 30
StructGPT (4.1) 12 1 0 NA 13
SheetAgent (4.1) 11 10 10 4 35
SheetBrain (4.1) 20 18 11 6 55

Table 6: Sheetbench Results.

shown in Case 3, when tasked with summing landings data,
the agent correctly extracted numerical values from the sheet
but failed to recognize the hierarchical structure, leading to
a significant double-counting error by including both parent
rows and their ”of which” sub-categories in the total. This
finding underscores the necessity of a global verification
step and ultimately led us to incorporate a validation module.
This module acts as a quality assurance and self-correction
mechanism, prompting the agent to rigorously evaluate its
entire process against the initial data structure before pro-
ducing the final answer, thereby ensuring high reliability by
catching and rectifying such logical flaws.

SheetBench Analysis
We evaluate a total of 12 models, grouped into vanilla
LLMs and spreadsheet agents, on our proposed benchmark,
SheetBench. The benchmark comprises 69 challenging tasks
across four categories: Complex Tables, Multi-table Lay-
outs, Large Sheets, and Editing Operations. Each model
is evaluated on the same set of cases to ensure fairness
and comparability. In addition, we provide a standardized
prompting-based evaluator to assess QA outputs in a con-
sistent and reproducible manner. The detailed performance
breakdown is shown in Table 6. It demonstrates especially
strong performance on the Complex and Multi-table subsets,
achieving 20 out of 21 and 18 out of 20 respectively. These
results highlight its superior capability in handling hierar-
chical structures, interleaved tables, and messy layouts that
frequently appear in real-world spreadsheets.

Related Work
LLM Prompting and Fine-tuning for Tabular Data
LLMs have shown increasing promise for reasoning over
structured tabular data, including question answering, se-
mantic parsing, and data generation (Fang et al. 2024).
Early work demonstrates that general-purpose LLMs such
as GPT-3 (Brown et al. 2020) can answer table-based
queries through in-context prompting (Chen 2022). To en-
hance compositional reasoning, DATER (Ye et al. 2023)
decomposes both queries and tables into semantic units.

TAPEX (Liu et al. 2021) advances table pretraining by fine-
tuning a neural SQL executor on synthetic query–answer
pairs, achieving state-of-the-art results on multiple bench-
marks. Reasoning strategies have also evolved: chain-
of-thought prompting (Wei et al. 2022) enables models
to perform symbolic reasoning step by step, while self-
consistency decoding (Wang et al. 2022) improves accuracy
by aggregating diverse reasoning paths. Binder (Cheng et al.
2023) shows that Codex (Chen et al. 2021) can generate
SQL programs from natural language, demonstrating strong
semantic parsing capabilities. StructGPT (Jiang et al. 2023)
builds on this by introducing a hierarchical reasoning frame-
work tailored to structured tables. Despite these advances,
most approaches are optimized for clean, single-table inputs
and struggle with the complex, irregular, and layout-heavy
structures common in real-world spreadsheets.

Spreadsheet Agents
Frameworks such as ReAct (Yao et al. 2023) have promoted
recent efforts to move beyond static prompting and to-
ward interactive spreadsheet agents (Krishnan 2025). Sheet-
Copilot (Li et al. 2023) formulates spreadsheet interaction
as a software agent task, using a finite state machine and
atomic operations to support task execution across a large
benchmark suite. SheetAgent (Chen et al. 2024) incorpo-
rates planning, summarization, and code retrieval mecha-
nisms to enable long-horizon reasoning over spreadsheets.
SheetMind (Zhu et al. 2025) extends this line with a multi-
agent architecture that decomposes user commands, trans-
lates intentions into formal grammar-based plans, and per-
forms actions in real-time using the Google Sheets API.
These agents represent a shift toward autonomous spread-
sheet reasoning, yet many of them still operate on simplified
inputs or assume clean table boundaries. Challenges such as
imprecise user queries and mixed data types remain signifi-
cant obstacles for robust deployment in enterprise or messy
real-world spreadsheets.

Conclusion
In this work, we introduce SheetBrain, a reasoning agent
with symbolic dataflow based on a novel understand-
execute-validate framework for reasoning over complex,
large-scale spreadsheets. SheetBrain combines a deep un-
derstanding module, a symbolic execution engine operat-
ing within code sandbox, and a self-correcting module to
address intricate spreadsheet tasks that exceed the capabili-
ties of purely neural models. In addition, we present Sheet-
Bench, a new benchmark comprising realistic spreadsheet
scenarios with multi-table layouts, hierarchical structures,
and large data volumes. Experimental results demonstrate
that SheetBrain consistently outperforms strong vanilla
LLMs from OpenAI, Qwen, and DeepSeek, as well as ex-
isting spreadsheet agents, across both public datasets and
SheetBench. Our findings highlight the importance of sym-
bolic dataflow for scalable and precise computation, and
show that structural understanding is essential for mitigating
the limited visibility and context fragmentation that hinder
current LLM-based spreadsheet reasoning approaches.
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