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Abstract

We often encounter new benchmarks for which
manual analysis of diversity and coverage is
time-consuming and subjective. This problem
also translates while analyzing different model
performances over benchmarks post evaluation,
making it hard to pinpoint categorical scenarios
where the model fails more often or which ar-
eas have now improved with the newer version.
That’s where ExcelAudit Al comes into place.
It is an easy-to-use tool that generates reports
and insights for analyzing and comparing both
benchmarks and evaluated results. We provide
demo use cases over SheetCopilot and Spread-
sheetBench datasets and agents, with validation
against human insights. ! 2

1 Introduction

The rapid integration of large language models
(LLMs) into everyday workflows, such as through
Al copilots in productivity suites like Excel and
Sheets 3 has fundamentally changed how tasks are
solved. Users are increasingly leveraging natu-
ral language descriptions to achieve complex tasks
within these systems. This significant technological
shift has, in turn, spurred the research community
to develop new benchmarks (Ma et al., 2024; Payan
et al., 2023) that comprise natural language queries
and spreadsheets to compare the performance of
LLM-powered systems(Li et al., 2023; Chen et al.,
2025).

However, the proliferation of these domain-
specific benchmarks presents a challenge. Re-
searchers and practitioners are faced with an in-
creasingly fragmented evaluation landscape, mak-
ing it difficult to effectively track the underlying
differences between benchmarks or select the most
appropriate one for a given application. Compound-
ing this issue is the prevailing methodological limi-
tation in reporting; researchers typically focus only
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on single, aggregated performance metrics, such as
pass rate. This superficial reporting fails to account
for a system’s true performance across the dataset’s
underlying distribution, task diversity, or the subtle
nuances of task complexity.

This practice severely limits the community’s
ability to truly understand a model’s specific
strengths, diagnose precise failure modes, or con-
duct robust, apples-to-apples comparisons between
competing systems. This widespread gap high-
lights a critical missing piece in the current ecosys-
tem: a dedicated framework for systematic bench-
mark meta-analysis to compare spreadsheet-based
benchmarks. To the best of our knowledge, there
is no existing work or tool designed to assist re-
searchers in critically comparing such established
benchmarks to better understand their coverage, di-
versity of task types, inherent complexity, and other
field-specific characteristics (spreadsheet objects).

In this paper, we address this gap by introduc-
ing ExcelAudit Al, a novel framework designed
for systematic meta-analysis of spreadsheet-based
benchmarks along with performance over a system
if present. The tool provides detailed analysis on
benchmark distribution, showcasing aspects like
coverage diversity, reliability, etc. Furthermore, the
tool can help understand the performance gap of
a system by looking beyond the simple pass rates
and gain a deeper, more actionable understanding
of the evaluation landscape by looking into cases
failing and their characteristics.

2 Related Works

Early work focused on building large corpora of
realistic spreadsheet data to support various use
cases, including error detection, action suggestion,
data cleanup, and user study analysis. Notable
examples include Enron (Hermans and Murphy-
Hill, 2015), Euses (Fisher and Rothermel, 2005),
and Fuse (Barik et al., 2015). These datasets pro-
vide foundational resources for understanding real-
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Figure 1: Overview of ExcelAudit Al tool

Table 1: Example benchmark & model analyzer and model comparison insights

Under-represented Evidence: Actions: ‘delete’ (1), ‘ask’ (0) out of 221 tasks.

in Benchmark

Analysis: Tasks involving deletion or inquiry are absent, indicating a lack of coverage for scenarios where users want to remove or ask questions on data.

Recommendations - Balance the distribution of task difficulties, ensuring more ’hard’ tasks to challenge models.
- Diversify the types of actions (add, modify, delete, ask) to avoid overfitting to ‘add’ and ‘modify’.
- Include more multi-sheet tasks to test cross-sheet operations.
Model Strength Evidence: The ‘easy’ difficulty tasks have a 50% pass rate (62 total, 31 passing), which is significantly higher than medium (22%) and hard (0%).

Analysis: The system demonstrates strong performance on easier tasks, indicating more reliability for straightforward Excel operations.

Model Comparison
only manages 8%.

Evidence: Model A handles "easy’ tasks with a 50% pass rate compared to Model B’s 35%. For *medium’ difficulty, Model A achieves 22%, while Model B

Comparison: Model A is better suited for both easy and medium difficulty tasks, indicating a broader operational reliability, in comparison to Model B.

Recommendations

- Prioritize on handling medium- and hard-difficulty tasks, as these represent a significant portion of the benchmark and have very low success rates.

- Focus on multi-sheet and multi-step task capabilities, as these are common in practical Excel workflows and currently show very poor performance.

world spreadsheet usage patterns. Though very
few have focused on the underlying characteris-
tics of these corpora. For instance, (Jansen, 2015)
performed a direct comparison between the Enron
and Euses datasets to understand their diversity,
structural overlap, and coverage of various spread-
sheet features. Similarly, (Reuel et al., 2024) eval-
uates the quality of Al benchmarks using expert-
defined criteria and manual annotations, which lim-
its scalability and automation. While such man-
ual, attribute-by-attribute analysis provides deep
insights, it is time-consuming, resource-intensive,
introduces subjectivity, is prone to error, and be-
comes prohibitively expensive when applied to the
increasing volume of new and larger datasets.

Adding to it is the study (Mclntosh et al., 2025),
which argues that existing LLM benchmarks are in-
adequate and proposes a unified evaluation frame-
work based on the People, Process, Technology
(PPT) model, emphasizing dynamic behavioral pro-
filing over static benchmarks. While this work
focuses on high-level model behavior, we plan
to approach operations at a different granularity,
centering on quantitative, artifact-level analysis of
spreadsheet tasks and their derived outputs.

In parallel, with the integration of LLMs into
productivity tools such as Excel and Google Sheets,
several recent works—SpreadsheetBench (Ma et al.,
2024), SheetCopilot (Li et al., 2023), InstructExcel

(Payan et al., 2023), and SheetAgent (Chen et al.,
2025)-have explored building agentic workflows
to help users solve tasks using natural language
queries. Each of these efforts introduces a new
benchmark along with its own evaluation setup,
typically reporting results in terms of pass rates.
While useful, such evaluations tend to be shallow,
often lacking systematic analysis of failure cases
and their underlying characteristics.

With ExcelAudit Al, we aim to bridge this gap
by providing a scalable, model-agnostic, easy-to-
use framework for comparing benchmarks and eval-
uating system performance across multiple setups.
In the sections that follow, we describe our ex-
perimental setup, followed by an implementation
section.

3 Experiments

We evaluate the applicability of ExcelAudit Al
on established open-source benchmarks (Li et al.,
2023; Ma et al., 2024; Chen et al., 2025) and their
associated agents.

3.1 Dataset

For comparative analysis, we consider the Sheet-
Copilot and SpreadsheetBench benchmarks, which
contain 221 and 907 workbook—task pairs, respec-
tively. These tasks are designed to be complex,
multi-step, and often over-specified with respect to



the underlying instructions. Additionally, we use a
subset of 20 instances from SheetCopilot, manually
annotated by humans, to validate the quality and
reliability of ExcelAudit Al

3.2 Spreadsheet Agents

To compare agent performance on the SheetCopilot
benchmark, we evaluate the SheetCopilot, Spread-
sheetBench, and SheetAgent agents, each lever-
aging GPT-4.1 as the underlying LLM. Beyond
cross-agent comparison, we further investigate
performance variations of the SheetCopilot agent
across different LLM backbones. This allows us to
examine how architectural consistency paired with
different LLM versions influences outcomes. The
resulting outputs are systematically analyzed using
ExcelAudit Al

3.3 Evaluation Metrics

To assess performance, we report pass rates ob-
tained through the SheetCopilot evaluation frame-
work. This system validates each generated work-
book by comparing it against the corresponding
ground-truth workbook, checking correctness at
the level of individual components. Results are
then categorized into pass—fail buckets, and the
aggregated pass-rate percentages are summarized
in Tab. 2. These quantitative results form the ba-
sis for deeper inspection and interpretation using
ExcelAudit Al

3.4 Models

Our tool interface is adaptive to generate using the
LLM API based on the user input. However, for
demonstrating the applicability, we generate all
task analysis and analysis and comparison insights
through GPT-4 . 1 with temperature=0, n=1. The
choice of LLM used for analysis and comparison
does affect the quality of the responses, which has
been presented within the Appendix. C. We thus
choose to stick with GPT—4 . 1 for the generations
due to its strong capabilities in reasoning, instruc-
tion following, and key takeaway generation.

4 Implementation

The tool uses a two-step process: 1. generating re-
port, by extracting and summarizing information,
and 2. generating insights through individual anal-
ysis and comparisons. Fig.1 depicts the overview
of the underlying architecture.

Table 2: Results over SheetCopilot benchmark to ana-
lyze impact of agent & LLM model variations.

Agent LLM Pass rate
SpreadsheetBench GPT-4.1 15.38
SheetAgent GPT-4.1 22.62
SheetCopilot GPT-4.1 28.51
SheetCopilot Phi-4 25.84
SheetCopilot DeepSeek 19.00

4.1 Generating Reports

Per-instance Information: Each instance within
the benchmark consists of a workbook—task pair.
To extract information from workbooks, we employ
a heuristic method using x1wings and its XML
contents. This allows us to obtain details about the
artifacts present, including their size and language,
both at the worksheet level and cumulatively for
the overall workbook.

We further leverage an LLM to extract task-
related information/metadata such as the underly-
ing artifacts, atomic actions, language, and com-
plexity. To validate the correctness of the LLM’s
extractions, we compare them against the hand-
annotated artifacts in the 221 SheetCopilot bench-
mark, achieving an IoU overlap of 0.78. The distri-
bution is shown in Fig. 2(a).

To holistically evaluate the LLM’s outputs, we
also compare the extracted information against a
subsample of 20 manually annotated SheetCopilot
ground-truth instances across all categories. We
observe complete overlap in categories such as un-
derstandability, readability, and multi-sheet task
annotations. Other categories, including artifacts
mentioned in tasks, task category, actions, and diffi-
culty, achieve IoU overlaps of 0.88, 0.77, 0.90, and
0.80, respectively, as shown in Fig. 2. Similarly,
the number of atomic actions has a mean squared
error (MSE) of 0.4, highlighting the LLM’s ability
to analyze tasks. Overall, this suggests that the in-
formation extracted by the LLM is highly aligned
with human expert annotations.

Summarizing information With the extracted
per-instance information, the next step is to gen-
erate a summary. Depending on whether a sys-
tem’s performance over the benchmark is available,
two types of reports can be produced: (1) Bench-
mark Report, which summarizes the number of
artifacts per category, and (2) Evaluation Report,
which computes the distribution of results per cate-
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Figure 2: Each captures the distribution of IoU overlap of actual vs. LLM-predicted categories for the task analyzer.
Sub-figure (a) is for the 221 SheetCopilot benchmark, while the rest showcase 20 subsamples within the benchmark.

gory across the pass and fail buckets. For example,
‘chart’: 4 (3), indicates that out of 4 samples, 3
passed. Appendix 4 illustrates the keys, along with
the corresponding options within each key category,
included in the report.

4.2 Generating Insights

Analysis insights Takeaway insights are generated
by leveraging the LLM, which processes the reports
and their numerical summaries. These insights cap-
ture key characteristics from both types of reports.

For benchmark analysis, the LLM highlights
under- and over-represented categories, followed
by recommendations on how to improve coverage
and diversity. For evaluation analysis, it identifies
the model’s strengths and weaknesses in complet-
ing tasks across different categories and provides
recommendations on reducing failure rates as well
as on which samples should be further evaluated to
enrich the overall insight report.

If the user wishes to analyze only the workbook
or only the task aspects of the data, the subsequent
sections are generated with both aspects treated
independently.

Comparison insights We leverage LLM to first
generate comparison insight per category and use
these category insights and the benchmark or eval-
uation report to generate an overall comparison
report. This report provides evidence and infor-

mation on the strengths and weaknesses of each
benchmark or evaluation against another, followed
by summarized overall key takeaways.

We compile these results into an easily under-
standable HTML report for each task. We also
add sections of visualizing each chart and table to
further dive into the underlying distribution. Ex-
amples of extracted information & corresponding
reports can be found within the Appendix. B.

5 Conclusion and Future Work

ExcelAudit Al provides an automated, compre-
hensive, and easy-to-use approach for analyzing
and comparing spreadsheet-centric benchmarks,
enabling systematic insights into task diversity, cov-
erage gaps, and failure categories. The LLM-driven
analyses are reinforced by human-validated annota-
tions, improving reliability, and the scalable overall
pipeline distinguishes it from prior manual analy-
ses.

Looking ahead, we aim to extend ExcelAudit
Al beyond general-purpose reporting toward more
category-specific analyses. This includes allow-
ing users to focus on targeted categories—such as
charting tasks while omitting irrelevant instances.
More broadly, the underlying design can be ex-
panded to support diverse benchmark modalities be-
yond spreadsheets, such as text, code, documents,
and numerical benchmarks.



6 Limitation

Though the major portion of the quantitative anal-
ysis of the report happens heuristically, the gener-
ation of textual insights and recommendations to
provide easy understanding rather than having to
scratch heads with the numbers is done by the LLM.
The choice of LLM thus comes into the picture,
adapting based on the model’s capability of gener-
ating quality analysis and comparison insights.

Moreover, the tool currently is built keeping Ex-
cel domain benchmarks in scope, revolving around
metrics and information extraction over workbook
or Excel task-related categories like multi-sheet
queries, structured table instances, and artifacts
(charts, formulas, and formatting). This hinders its
application to other domains of benchmarks like
code generation and can be further expanded to a
generic system-based tool.
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You are an expert task analyzer for spreadsh d tasks. Given a
JSON object with these keys:

* artifacts: (Lististr])

task description, extract and classify the following information as a

© OPTIONS: [

* action: (List(str))
© Selectalist of a mplete the task.

ion of actions only:

* atomic actions: (int)
© Estimates the number of intermediate actionable steps needed to finish the task.
© Some example for actionable steps are: adding farmula group, chart, pivat tablé to a new sheet. conditional formatting, applying a filer,
@ Each of the following steps should be counted a5 1 atomic action. Cummalatively respond for the total number of atmic actions wthin the tash
© Ifitasks a guestion in context with Excel but does not ask to do any actionable item then atomic_actions is 0.
© OPTIONS: [0-5]

+ dificulty: (st)

© The estimated difficulty of the task. Respond with anly chosing from belaw options:

© OPTIONS: ["easy”, "medium”, "nard’]

© easy: tasks which can be completed by any generic person without any prior knowledge to Excel. Tasks like formulas like IF. SUM. or adding
new sheet. sorting. chart

& hard: tasks which require deep understanding of Excel or are complex multi-step tasks. Complex tasks like formulas with VLOOKUP. COUNIF,
pivot table. formatting and styling a chart may be present. or tasks with >  fairly complex steps.

& Analyze deeply to understand the difficulty taking all the sub-actions of the task into account.

* multisheet: (bool)
& Boolean indicating if the task involves selection or impact on multiple sheets.
& OPTIONS: [trueffalse]

+ main_category: (List/st}
@ Select a lst of category for the task.
& Here are some example category.
© EXAMPLES: ["formula”, "visualization”, "calculation”, “formatting”, "reporting”, "entry and manipulation’]
@ However, this list i n

xtensive. If you encounter a better fitting category assign that for task.

* sub_category: (Dictlstr, List{st])
© Select alist of sub-category mappings for each category.
© Here are some example sub-category per example category.

= However, this list of sub-categories if not extensive. If you encounter a better fitting sub-category assign that for task.

Figure 3: Task analyzer prompt

A Task Analyzer

Fig. 3 the following prompt used by LLM to ana-
lyze task into categories.

The same instructions are used by expert annota-
tions in 20 samples of SheetCopilot benchmark to
compute overlap in LLM capability of analyzing
tasks. Expert annotators are internal scientist that
have domain expertise on Excel, who were asked
to do the task. This was a voluntary activity with
no payment was made.

B Report structure

Fig. 4 shows the details of keys we extract informa-
tion for during report generation for the task and
workbook in the benchmark report to generate the
insights further. These keys are also used in the
evaluation report for evaluation insights.

The shared link provides in-depth examples of
each of the variations of reports, visualizations, and
analysis and comparison insights for each bench-
mark and model variation.

C Variation of LLM in Tool

Choice of LLM does impact the quality of insights
you get from the tool. We experiment with other
models to compare quality of results and reason-
ing. For smaller language models like Phi-4 and
Mistral, they had a hard time following instruc-
tions for response format, making it hard to parse

Total BENCHMARK
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Figure 4: Benchmark report keys and categories

"over-represented”: [

“evidence”: "Actions: add - 202/221 (91%). Sub-category 'create’ = 76.7,
“insights": "Create/add operations dominate, biasing models toward construction rather than
editing, auditing, or removal.”

13

{
"evidence": "Main category calculation = 10@/221 (45%). Sub-categories: arithmetic = 57, summary =
53, cell = 52, organizing = 37.",
"insights": "Benchmark is skewed toward basic arithmetic/summary and cell-level operations, which
are simpler and less diverse.”

b

{
“evidence": "Difficulties: easy = 125 (57%), medium = 96 (43%), hard = @.",
“insights": "Task difficulty skews easy/medium; lack of hard tasks can inflate perceived
performance. "

"evidence": "Artifacts: formulas - 110 (54%), formattings - 53 (24%), charts - 54 (24%).",
“insights": "Heavy reliance on formula-centric tasks relative to other Excel ecosystems (Tables,
filters, pivots, links).”

3
{
"evidence": "Multisheet: single sheet = 143 (65%).",
"insights": "Single-sheet problem framing is favored; cross-sheet dependencies are underexplored.”

Figure 5: Over-represented task categories with GPT-5

results.

For other models like GPT—-5 reasoning and
DeepSecek, the insights were comparable. Due to
computation limitations, we didn’t compute for all
insights and comparisons as it was for GPT-4.1.
However, here is an example of task insight gen-
erated from GPT-5 reasoning over the tasks from
the SheetCopilot dataset.


https://figshare.com/s/23cc05e1de4845315077

Table 3: Example task insight recommendations with GPT-5

Broaden action mix: target add < 60%, modify > 20%, delete > 10%, ask > 10%; include safe-destructive operations
(delete rows/cols, clear formats, remove duplicates) and QA tasks that output values/explanations.

Introduce hard tasks: nested/dynamic array formulas (LET/LAMBDA, FILTER/SORT/UNIQUE, XLOOKUP, XMATCH),
multi-step workflows combining pivots, charts, CF, and cross-sheet references with constraints.

Increase multi-sheet tasks: cross-sheet consolidation, 3D references, summary sheets, and sheet-level operations (move/-
copy/rename/hide/protect).

Expand under-covered categories: lookups/joins or index match, date/time, text ops (TEXTSPLIT, TEXTBEFORE/AFTER,
TRIM, CLEAN, SUBSTITUTE), aggregation (SUMIFS/COUNTIFS), data cleaning/transformation, statistical (CORREL,
LINEST), number formats, and grouping/outline.

Enrich artifact coverage: include tasks with structured Tables (> 30%), advanced filters (> 20%), pivots with slicers/time-
lines (> 25%), sparklines (> 10%), hyperlinks/external links (> 10%), named ranges, and data validation (> 20%).
Visualization diversity: beyond bars/lines, add waterfall, histogram, box & whisker, combo charts with secondary axes,
scatter with trendlines, and formatting details (titles, labels, legends, axes, and templates).

Language and locale: add non-English prompts/workbooks (e.g., es, de, fr, and ja) and locale variations (decimal separators,
date formats, and localized function names) to reach > 20% non-English.

Instruction diversity: vary length and style (procedural, goal-driven, narrative, ambiguous) and include incomplete/messy
specs; aim for balanced readability/understandability distributions rather than near-zero.

Taxonomy hygiene: merge duplicate/overlapping subcategories (e.g., "copy" vs. "copying" and "transform" vs. "transform-
ing"), define coverage targets per main/subcategory, and maintain consistent labeling.

Artifact-task alignment: include tasks that modify and delete existing pivots/charts/CF/filters, not just create; seed
workbooks with those artifacts to enable non-add actions.

Confidence criteria: use stratified evaluation by action, difficulty, category, artifact, and sheet count; require > 30-50 tasks
per stratum and 95% CI half-width < 7% before claiming strong performance.

Edge-case content: hidden/merged cells, protected/hidden sheets, large ranges, spilled arrays, circular references (diagnosis),
volatile functions, and mixed data types to test robustness.

Scenario/what-if: Goal Seek, Solver, and Scenario Manager tasks to cover optimization and sensitivity analysis.
Cross-ecosystem tasks: CSV import cleanup, external references, and hyperlink management to reflect real workflows.

“under-represented”: [

“evidence": "Actions: delete = 2/221 (8.9%), ask = ©/221 (@%).",
“insights": "Tasks overwhelmingly avoid deletion and question-answer style prompts; the benchmark
under-exposes models to safe destructive edits and direct analytical answering.”

b

{
“evidence": "Difficulties: hard = /221 (e%), easy = 125/221 (57%).",
"insights": "No hard tasks limits assessment of complex reasoning, multi-step logic,
error-handling, and advanced Excel proficiency.”

3

{
"evidence": "Multisheet: multi_sheet - 78/221 (35%), single sheet = 143/221 (65%).",
"insights": "Cross-sheet navigation and 3D references are under-tested; many real-world
spreadsheets are multi-sheet.”

“evidence": "Main categories: sheet manipulation = 16, visualization = 16, freeze panes = 6, entry
and manipulation = 4 vs calculation - 160.",

“insights": "Operational and layout workflows (sheet ops, freeze/lock, UL-centric tasks) and richer
visualization tasks are sparse compared to calculations.”

b

{
“evidence": "Sub-categories with very low counts: lookup = 4, date/time = 4, aggregation = 1,
correlation = 1, cleaning = 1, transforming = 1, grouping = 1, number format = 1, chart = 1, new
sheet = 1.7,
“insights": "Core business skills (lookups/joins, date-time handling, data cleaning/transformation,

statistical correlation, formatting) are underrepresented.”
b
{

“evidence": "Artifacts: structured_tables = @, sparklines = @, links = 4, filters = 12,
pivot_tables = 23 (s16%).",

“insights": "Modern Excel features (Tables with structured references, sparklines, links, filters,
pivots) are limited or absent, reducing coverage of realistic workflows.”

N

{
"evidence": “languages: en = 221/221 (160%).",
"insights": "No multilingual tasks; locale effects (function names, delimiters, date formats) are
untested."

b

{

“evidence": "Readability: 228/221 in 8.08-8.60; Understandability: 213/221 in 0.88-8.€0.",
"insights": "Instruction style diversity is extremely low; models are not stressed with varied
phrasing, ambiguity, or narrative context.”

Figure 6: Under-represented task categories with
GPT-5



