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Abstract

Computer end users have spent billions of hours completing daily tasks like tabular
data processing and project timeline scheduling. Most of these tasks are repetitive
and error-prone, yet most end users lack the skill to automate these burdensome
works. With the advent of large language models (LLMs), directing software with
natural language user requests become a reachable goal. In this work, we propose
a SheetCopilot agent that takes natural language task and control spreadsheet to
fulfill the requirements. We propose a set of atomic actions as an abstraction of
spreadsheet software functionalities. We further design a state machine-based task
planning framework for LLMs to robustly interact with spreadsheets. We curate a
representative dataset containing 221 spreadsheet control tasks and establish a fully
automated evaluation pipeline for rigorously benchmarking the ability of LLMs in
software control tasks. Our SheetCopilot correctly completes 44.3% of tasks for
a single generation, outperforming the strong code generation baseline by a wide
margin. Our project page: https://sheetcopilot.github.io/.

1 Introduction

The ability to intuitively direct sophisticated software through natural language has long been an
aspiration pursued across generations. With the emergence of Large Language Models (LLMs) that
can comprehend and respond to human directives, this vision is within closer reach now than ever.
LLMs augmented with tools [24} 25 20, [26, 2} 27]] and reasoning abilities [32} 18} 130, 131]] have
shown promising results in recent research.

While LLMs continue advancing rapidly, their ability to interoperate seamlessly with existing
software tools remains under-explored and not fully understood. Enabling LL.Ms to harness the rich
functionality of countless existing software tools could unlock nearly limitless potential [21]].

Progress in endowing LLMs with the ability to direct complex software systems has been hindered
by the lack of both a standardized framework for model-application interaction and a comprehensive
benchmark for evaluating their performance. Several challenges exist in designing a framework to
facilitate interaction between LLMs and sophisticated software applications, including 1) Translating
the complex internal state and vast functionality of applications into text forms comprehensible for
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models [BZ]. This requires determining how to systematically represent software interfaces and
logic through natural language; 2) Enabling models to generate software commands and parameters
accurately and safel¥9[[2]. Mechanisms must exist for validating, debugging, and as needed,
rejecting or revising model outputs to avoid undesirable operations or states; 3) Providing models
with means of monitoring software state changes, exceptions, and errors during multi-step tasks so
that these models can respond appropriately. Models are required to understand software feedback
and diagnose issues, and adjust directives as needed to robustly accomplish goals. In addition,
enabling LLMs to direct complex software also requires curating datasets that capture the diversity
and ambiguity of real-world language use, as well as developing automated techniques to reliably
evaluate model performance at scale [7].

To systematically investigate the substantial challenges in developing natural language interfaces
for software control, a robust application platform is required; as the most pervasive and multi-
functional productivity tool, the spreadsheet serves as an ideal substrate for this work. To this end, we
propose a general framework for facilitating interaction between language models (LMs) and software
applications, along with an agent call8tieetCopilot As shown in Fig. 1 SheetCopilot understands
high-level spreadsheet manipulation requests expressed in natural language. It decomposes these
complex requests into step-by-step plans, and issues commands to automatically carry out the
necessary operations using the spreadsheet application. In addition to our spreadsheet-manipulating
agent, SheetCopilot, we propose a dataset consisting of complex, interactive spreadsheet manipulation
requests expressed through natural language and an evaluation framework with automated metrics to
assess how accurately models comprehend requests, devise optimal plans, and perform operations
through the spreadsheet interface. We believe robust measurement is key to accelerating progress in
this area.

Our agent SheetCopilot achieved substantial capabilities for guiding spreadsheet software through
natural language. It generated fully executable command sequences for 87.3% of problems in our
benchmark suite and produced completely correct solutions for over 44.3% of tasks—surpassing the
traditional programming approaches by a wide margin. To rigorously assess model performance, we
curated a dataset of 221 representative spreadsheet tasks collectadpenmser.com , including

veri ed solutions created by the authors for each task.

We present three primary contributions to the goal of achieving sophisticated interfaces between
language models and traditional software applications:

» We proposed a general framework for facilitating model-software interaction along with
SheetCopilot, an agent specialized for spreadsheets that translates high-level, task-oriented
requests expressed in natural language into executable command sequences.

* We developed comprehensive resources for systematically evaluating model and inter-
face performance, including a benchmark suite of interactive spreadsheet tasks re ecting
real-world requests and a fully automated pipeline for measuring how accurately models
comprehend complex prompts, devise optimal plans and execute operations through the
software interface.

* We conducted an in-depth assessment benchmarking the abilities of leading LLMs in
this challenging domain. The experiments show that LLMs equipped with our method
signi cantly outperform the strong code generation baseline.

2 Related Works

Tool-augmented Large Language ModeldRRecently, the impressive performance of LLMs has
sparked signi cant interest in exploring the task-planning capabilities of LLMs in various elds.
Bene tting from the internalized knowledge about the wordi p number of works have managed

to enable LLMs to solve tasks by following instructions. One line of resed4f8[ 16, 15, 8] has

utilized prompt engineering to elicit a sequence of mid-level steps from LLMs for household robotic
tasks. To ground LLMs in the real world, these works have used auxiliary majel§,[15] or

trained LLMs via mixing visual-language data and embodied dtaAnother promising direction is

to connect LLMs with external tool®2p], such as a web browse2?], HuggingFace model hul2f],
chemical softwareZ], PowerPoint 20|, and even a tool libraryZ5, 24]. These works employ LLMs

to generate action sequences which are further parsed into API calls of the tools. Compared with



Figure 1: We maneuver SheetCopilot to control software such as Microsoft Excel, generate step-by-
step solutions ful lling the user's requirements. In each step, SheetCopilot plans an initial atomic
action according to the sheet state and then revises this step using the external document which
provides the action usage and examples. Finally, the action with its arguments is extracted from
the revised step and submitted to the simulation environment for execution. The entire process on
the right shows that SheetCopilot successfully solves the task speci ed in the instruction using the
provided available atomic actions.

these works, our work is targeted at spreadsheet manipulation, which is a common demand in almost
all scenarios (e.g. economics, management, and research). To the best of our knowledge, limited
research has been conducted on benchmarking the capability of LLMs for spreadsheet manipulation.

Natural Language Processing (NLP) for SpreadsheetSeveral studieslp, 11, 28, 6, 17] have
investigated the feasibility of using NLP methods to guide the manipulation of Excel sheets. An early
work is Flash Fill [L1], which automates string processing tasks using program synthesis by example.
NLyze [12] utilizes a translation algorithm to convert a user's natural language instruction to a ranked
set of likely programs. Inspired by the success of Coéd¢afid AlphaCode19], one recent study

[17] has explored the use of LLMs for generating Excel formulas given natural language descriptions
of the desired output. They compared the performance of several state-of-the-art LLMs, including
GPT-3 and T5, and found that these models can generate accurate formulas with high ef ciency.
However, this study focused on formula generation rather than general sheet control tasks. In this
paper, we aim to address this gap by benchmarking the capability of LLMs for sheet control tasks.

3 Dataset and Evaluation

Prior research on language interfaces for spreadsheet cati?r@l [L7] has focused primarily on

limited subsets of tasks like formula generation and lacked comprehensive, standardized means of
evaluation. To address this issue, we aim to construct a high-quality evaluation benchmark as a
foundation for assessing the spreadsheet control capabilities of LLM-based agents.

Our dataset compilation procedure incorporates gathering tasks and worksheets from the Internet,
Itering low-quality or irrelevant tasks, consolidating redundant entries, adapting seed tasks, and
manually annotating a core set. The end product is a comprehensive and cleanly-labeled collection of
spreadsheet-related tasks. We also report statistics and analysis to characterize the dataset properties,



Figure 2: Dataset overview. We present an overview of the core set by showing the wordclouds of the
instructions and involved atomic actions. The two clouds show that the core set contains diverse tasks
that involve various spreadsheet operations.

guide future work, and set initial baselines. Moreover, we develop an automated, reproducible
evaluation framework closely tailored to our curated natural language spreadsheet control dataset.
This enables systematically assessing model abilities, gaining insights into current limitations, and
driving continued progress in this domain.

3.1 Diverse Seed Task and Workbench Collection

We rst scrape all questions with spreadsheet-related taggvan.superuser.comand obtain a raw

dataset comprising 16k question and answer (Q&A) pairs. Sourcing questions from SuperUser
ensures our task dataset is both comprehensive and representative. As not every question represents
a sheet manipulation task we apply keyword-based and LLM-based lters to remove Q&A pairs
unrelated to spreadsheet automation, resulting in a remairl8k pairs. To analyze the distribution

of the dataset, we de ne six task categories: Entry and Manipulation, Management, Formatting,
Charts, Pivot Tables, and Formulas. We label exemplar Q&A pairs with at least one category to
prompt the language model to categorize each pair, as pairs may belong to multiple categories.
To identify representative Q&A pairs, we embed and cluster pairs within each unique category
combination. We then choose 67 pairs representing the clustering centers and involving operations
supported by our evaluation environment. The spreadsheet tasks described in these pairs are regarded
as the seed tasks which capture the most important patterns of our dataset.

To evaluate LLMs, we also collect 28 real-world spreadsheets as our workbench by 1) downloading
practical sheets from the Internet, and 2) Generating typical daily-use sheets by hand. These sheets
represent common uses such as analyzing sales data, calculating nancial metrics, and visualizing
data with charts.

3.2 Core Set Collection

The seed tasks cannot be directly used since their original sheets differ from the evaluation sheets.
We propose collecting a core dataset by adapting and simplifying the seed tasks to bridge this gap.

Adaptation. Inspired by self-instructZ9], we prompt an LLM to adapt the seed tasks according

to the detailed descriptions of the evaluation sheets. Speci cally, GPT-4 is prompted to change the
manipulated elements in the seed tasks to generate new tasks compatible with the evaluation sheets.
For instance, GPT-4 can change the data types required to be set or ranges to be modi ed in the
original seed task. In this step, 1669 new task instructions are generated (See Tab. D for examples).

Simpli cation . The adaptations are likely to mention speci ¢ formulas and operations. To address
this issue, we prompt an LLM to simplify each task by replacing speci c expressions with natural
spoken language so that the task instruction reads like the fashion of a non-expert user. This step
reduces the average token length frél to 33:8.

We followed the instruction on https://github.com/openai/tiktoken to count the token number using the
model "gpt-3.5-turbo".



To collect a core set, the authors select several tasks for each category combination from the simpli ed
tasks. The authors also act as non-expert users to compose more tasks to enrich the core set, obtaining
221 tasks in total. Finally, multiple reference solutions are collected as the ground truth for each task.
See Fig. 2 for the dataset statistics and more in the appendix.

3.3 Task Evaluation by Execution

It is hard to evaluate solutions generated by LLMs through verbatim comparison, as it is likely that
multiple solutions can successfully complete a task. A viable approach is assessing whether the
nal sheet state after executing the solution meets the task instruction. We only assess the necessary
properties required for the ground truth spreadsheet's operation. For example, in the task "Plot a line
chart with the X-axis showing the week and the Y-axis showing sales", we only consider properties
related to the chart, ignoring other aspects. To assess an LLM-generated solution, we evaluate the
consistency of the necessary properties between the spreadsheet resulting from executing this solution
and the ground truth spreadsheet in our evaluation environment. If the necessary properties of the
resulting spreadsheet fully match any potential ground truth candidate, the associated solution is
deemed correct.

4 Method

SheetCopilot enables natural language interactions with spreadsheets. It takes spreadsheets and user
tasks described in natural language as input and generates plans to modify spreadsheet contents and
create diagrams or tables. We adopt an in-context learning framework inspired by models such as
GPT-3 H]. We propose "atomic actions" - a set of virtual APIs representing common spreadsheet
functions. These actions allow language models to accurately interact with the spreadsheet software.
We also propose a state machine-based task planning framework to handle the complex, multi-turn
interaction between the language models and the spreadsheets. The atomic actions and state machine-
based planning framework enable language models to effectively and robustly direct spreadsheet
software through natural language.

4.1 Prompting LMs as a SheetCopilot

We design a systematic prompt template to turn LMs into copilots as shown in the left of Fig. 1. Our
prompt consists of a general role description, a list of atomic actions with arguments, a set of output
requirements, and a multi-round interaction example between a user and an assistant.

The general role description serves as an anchor for enabling LMs to understand the context. A list of
atomic actions provides LMs with the interface information needed for task planning. The output
requirement tells LMs how to generate texts that can be programmatically extracted and executed.
The multi-round example hints LMs how the observe-propose-revise-act loop appears and improves
the overall planning quality.

4.2 Atomic Action as A Bridge for LMs and Software

State-of-the-art LMs have shown the superb ability to generate detailed plans for household tasks
[16], software control 20], and debuggingd]. However, the generated plans are in natural language
which is easy for humans to read but not directly admissible for machine execution.

To overcome the limitation mentioned above, we propose to model the functionalities of existing
spreadsheet software as a set of virtual APIs called atomic actions. An atomic action is comprised of
an APl name, a typed argument list, a usage document string, and several usage examples. These
atomic actions can be implemented on different spreadsheet platforms. The example implementations
in Tab. H of the appendix show that the atomic actions involve cell value modi cation, formatting,
sheet management, formula and functions, charts, and pivot tables.

Choosing proper atomic action granularity is crucial, as actions must be expressive yet concise to
tin the LM context windows. We determine our atomic actions as follows: 1) Extract all actions
involved in the top SuperUser spreadsheet Q&As; 2) Embed and cluster the extracted actions into
candidates; 3) Select the minimum set of actions covering all the tasks we collected in Sec. 3.1.



Relation to Agents Generating VBA Coded_Ms are also capable of generating machine-readable
codes §]. This approach is especially tempting for Microsoft Excel as it comes with an embedded
script language called Visual Basic for Applications(VBA). However, the code generation approach
faces challenges from both the LMs side and the spreadsheet software side. On the code LMs side,
the existing training corpudp, 13, 5] for code LMs hardly contains VBA source les as itis only

a niche programming language compared with C++ or Python. On the spreadsheet software side,
software such as Google Sheets, Libre Of ce, and WPS either do not support VBA at all (Google
Sheets) or only support a limited subset of VBA functions (Libre Of ce and WPS). Therefore, we
advocate a more software-agnostic approach that does not rely on embedded programming language
support.

4.3 State Machine-based Task Planning

A normal spreadsheet task usually involves several steps, while a sophisticated one often requires
over ten steps. Open-loop planning - directly generating a complete task plan from the instruction -
becomes exponentially harder as steps increase. Each step changes the sheet state so the correct step
T + 1 relies on perfectly understanding how the sheet state changes after the piiegteps. As

tasks become more complex, open-loop planning struggles.

We propose a state machine-based planner which revises the plan according to feedback from either
LMs or software. Our planner is divided into observing, proposing, revising, and acting stages. The
state transition between these stages will be described below. Due to the page limit, please refer to
the appendix for examples of complete planning logs.

Observing Stageln this stage, we add a brief description of the sheet Sate the query, providing
information such as the name of each column and the total number of rows for LMs to determine
atomic action arguments. This allows LMs to generate solutions in a closed-loop manner by observing
the previous actions' consequences without implicitly modeling sheet states.

Proposing Stagen this stage, we concatenate the system prdMhe initial task instruction, the
sheet stat&; and the planning historid; and ask the LMs to plan the next atomic actfon; .

Ai+1 = ValidatgR¢+1 ) = Validatg LanguageModé€P; I; Sy; Hy)): 1)

The direct responsk;.; from the language model is not always convertible to an admissible atomic
actionA¢+; . Common errors found in the validating step include missing the format requirement,
hallucinating unde ned actions, and incorrectly determining action parameters.

Revising StageTwo ways are adopted to revise a proposed atomic action: a feedback-based one
and a retrieval-based one. Feedback-based revision utilizes the error feedback from both the atomic
action validation and the spreadsheet software execution. For example, if the atomic action validating
step detects a hallucinated atomic action, a new prompt will be created to inform the LM of this error
and to ask it to reiterate the available atomic actions. Additionally, we use retrieval-based revision to
supply the LM with detailed external knowledge that does not t in the system prompt due to the
context window limit. For example, if the LM uses an atomic action with wrong arguments, a detailed
document containing the argument descriptions and usage examples of this action is provided in the
new prompt to enhance the probability of the LM correctly determining the atomic action arguments.
This process resembles how a human programmer behaves when encountering less familiar APIs.

A special case in the revision stage is that after being supplied with more information about the
initially proposed atomic action, the LM suddenly nds that it has chosen a wrong action and decides
to return to the revising stage.

Acting StageAfter the proposing and revising stages, the atomic adtiga is submitted to the
spreadsheet software for execution.

Si+1 = SpreadSheetE(k.1 ; St): (2)
The planning historH, is updated if the execution succeeds,
Hivr = He [f At ;S o 3

If the software reports a run-time error, the state machine will return to the proposing stage to prompt
the LM to re-plan according to the error feedback.



Table 1: Performances of the compared LLMs and a VBA-based method. The three LLMs exhibit
impressive Exec@1 and Pass@1, with GPT-3.5-Turbo achieving the highest Exec@1 and GPT-4
obtaining the best Pass@1 and ef ciency. With our method, GPT-3.5-Turbo outperforms the method
that generates and runs VBA code by a large margin.

Data Models | Exec@1 Pass@1 A50# A90#
10% GPT—3.5-TurbT 85.0% 45.0% 2.00 4.50

10% GPT-4 65.0% 55.0% 133 2.00
10% Claude 80.0% 40.0% 150 4.40

100% GPT-3.5-Turbg 87.3% 44.3% 150 3.00
100% VBA | 77.8% 16.3% - -

4.4 Hallucination Mitigation

To enable the state machine to less frequently return to the proposing stage due to hallucination-
induced errors, we adopt the following means.

Output Formatting The underlying functions of atomic actions require precisely formatted planning
results. However, we found that LMs probably generate semantically correct yet inadmissible action
plans as shown in Fig. 1. Therefore, we require LMs to wrap actions with special tokens (e.g. @) and
detect the tokens in the output to check whether the output is correctly formatted.

Atomic Action Disambiguation The internalized knowledge in LMs is likely to be confused with the
atomic action de nitions in the document. Due to this con ict, LMs are prone to self-delusion, which
means that it hallucinates unde ned actions or adds illegal action arguments [23, 14]. To tackle this
problem, the atomic action names are substituted with a set of synonyms that are far away from the
of cial names in an embedding space. For instance, Write and SetConditionalFormat are substituted
with RangelnputValue and FormatWithRules, respectively (See the details in the appendix).

5 Experiments

The goals of our experiments are threefold: (i) compare representative LLMs on the proposed dataset;
(i) demonstrate that the proposed method improves the success rate and ef ciency over a simple
baseline; (iii) show the exibility and stability of our method.

5.1 Benchmark Protocol

DatasetThe 221 tasks introduced in Sec. 3.2 are used to conduct the following experiments.

Metrics Exec@1 measures the proportion of solutions executed without throwing exceptions. Pass@1
is used to evaluate functional correctnesjs A generated plan is considered correct if the nal sheet
state completely ful lls the task requirements. Beyond correctness, we propose A50 and A90 scores
to measure solution ef ciency. These divide the number of atomic actions in a generated plan by the
number in the ground truth and then calculate the 50th and 90th percentiles over all tasks. Lower
A50 and A90 scores indicate that the LLM tends to use fewer actions to complete a task.

Models We adopt leading large language models with public APl access, including GPT-3.5-
Turbo/GPT-4 from OpenAl and Claude v1 from Anthropic. Details of the models and hyper-arguments
used for generation could be found in the appendix.

5.2 Comparing Task Planning Ability of Different LLMs

We compare the three LLMs on the proposed dataset with the same token limit of 4096. For less
accessible LLM APIs like GPT-4 and Claude, only 10% of the dataset is used for evaluation. We have
maintained the diversity of this subset to avoid data distribution shift (see the appendix for details).
The results in Tab. 1 show that GPT-4 demonstrates its strong planning capability by signi cantly
outperforming both GPT-3.5-Turbo and Claude in the Pass@1 and A50/A90. To explain why GPT-4
is inferior in Exec@1, we check the results and nd that it is mainly because GPT-4 exceeds the



Figure 3: The four metrics decomposed in the six categories. The two GPT models both achieve
100% Exec@1 and Pass@1 in the Management and Entry & manipulation categories. The three
models obtain their own best ef ciency in different categories, suggesting that it is dif cult for these
models to excel in all task categories.

Table 2: Ablation studies of the observe-propose-revise-act framework proposed in Sec. 4.3. The
sheet state and error feedback increase the Exec@1 and Pass@1 when individually applied (rows
3, 4 vs. 2) and bring a signi cant improvement when both are applied (row 7 vs. 2). Inserting the
external atomic action document with usage examples boosts the Exec@1 and Pass@1 and increases
ef ciency (row 2 vs. 1 and row 7 vs. 5). The synergy of the four components witnesses a large
increase (30.7%) in Exec@1 over the baseline (row 7 vs. 1).

No. | State feedback  Error feedbadk External doc.  Usage examples Exec@1 Pass@1 A50#  A90#

1 56.6% 18.6% 1.50 4.00
2 X X 67.9% 18.6% 1.00 2.50
3 X X X 75.6% 24.4% 1.50 3.00
4 X X X 92.8% 23.5% 1.00 2.00
5 X X 68.3% 18.1% 1.50 3.78
6 X X X 85.5% 28.1% 1.50 3.00
7 X X X X 87.3% 44.3% 1.50 3.00

token limit when solving dif cult tasks although it has generated correct mid-steps. In contrast,
GPT-3.5-Turbo and Claude generate short but incorrect plans for most of these dif cult tasks. Claude
is slightly worse than GPT-3.5-Turbo in Exec@1 and Pass@1 but exhibits better A50/A90, which
shows that Claude is a strong competitor of GPT-3.5-Turbo. See more detailed failure analysis in
Sec. F.

To evaluate the category-speci ¢ performances, We further break down the subset into the six
categories (de ned in Sec. 3.1). The four metrics in each category are illustrated in Fig. 3. The
radar charts demonstrate that the two GPT models both achieve 100% Exec@1 and Pass@1 in the
Management and Entry & manipulation categories. Interestingly, The three models exhibit different
patterns of A50/A90: GPT-3.5-Turbo, GPT-4, and Claude reach their best ef ciency in the Formula,
Management, and Pivot Table category, respectively. This suggests that it is dif cult for these models
to excel in all task categories.

5.3 Ablation Studies of State Machine

We conduct ablation studies for GPT-3.5-Turbo on the full dataset to analyze the impact of the two
types of feedback and external document insertion. The results are shown in Tab. 2.

A) Closed-loop control generally boosts functional correctnesidividually adding the sheet state
feedback at the proposing stage increases the Exec@1 and Pass@1 (rows 3 vs. row 2) since the
model no longer needs to implicitly infer the sheet state. Individually adding error feedback obtains
the highest Exec@1 (row 4 vs. row 2) as a longer context window can be used to re-plan without
the sheet state feedback, increasing the probability of completely nishing a plan. The combination

of the two feedback types further improves Pass@1 but at the cost of slightly increasing A50 and
A90 (row 7 vs. row 2), probably because the model solves more dif cult tasks but with plenty of
steps. It is noticeable that without the external document and usage examples, the improvement in
Exec@1 becomes narrow and Pass@1 even drops slightly (row 5 vs. row 1). This is because the



Table 3: Ablation study of the atomic action names. Utilizing the synonyms far away from the of cial
names brings an increase in Pass@1 and slightly better ef ciency (lower A50).

Models | Exec@1 Pass@1 A50# A90#

Of cial names 87.3% 44.3% 1.50 3.00
Synonyms 86.9% 45.2% 1.33 2.79

Figure 4: Stability experiments results obtained by conducting evaluation 3 times for each temperature
except 0.0. The line charts show that SheetCopilot achieves stable performances even if the GPT-3.5
APl temperature changes from 0.0 to 1.0.

simple action list in the initial prompt (shown in Tab. ) fails to provide suf cient information about
how to determine correct action arguments even if a detailed sheet description is provided.

B) Inserting the external document improves both functional correctness and ef ciencyerely

adding the external atomic action document enjoys clear improvemeh#2% in Exec@1 and

10.0% in Pass@1 (row 6 vs. row 5). This result demonstrates that presenting this document to
the model enables it to less frequently hallucinate illegal actions (which improves Exec@1) and
to more accurately determine the action arguments according to the sheet state (which improves
Pass@1). Further adding usage examples in the document reaches the highest performance (row 7).
Additionally, without any feedback, the improvements over the baseline become narrower (row 2 vs.
row 1) since it is hard to determine correct action arguments without knowing the exact properties of
the spreadsheet elements even if more details of atomic actions are provided. Adding the external
document and usage examples reduces A50/A90 (row 2 vs. row 1 and rows 6, 7 vs. row 5), showing
that more information about atomic action usage helps to avoid redundant steps.

C) SheetCopilot surpasses the VBA-based methotb further demonstrate the advantages of

our method, we compare it with a method that generates and runs VBA code. Tab. 1 shows that
SheetCopilot with GPT-3.5-Turbo as its backend outperforms the VBA-based method by a large
margin, increasing the Exec@1 By% and Pass@1 b#8.0%. This result shows that prompting
powerful LLMs with our method to control spreadsheets is a better alternative to directly translating
natural language requests to VBA code.

5.4 Ablation Study of Atomic Action Names

To inspect the potential confusion problem stated in Sec. 4.4, we conduct another ablation study for
GPT-3.5-Turbo on the full dataset by comparing the impact of adopting the of cial names and the
synonyms. The results in Tab. 3 surprisingly show that using the synonyms increases the Pass@1
and obtains lower A50/A90, which means that the model learns to use the synonyms to generate
more correct solutions with fewer steps. This result demonstrates the exibility of our method: it is
possible for users to de ne their own atomic actions and prompt LLMs to use them.



Table 4: Ablation study of atomic action granularity on the chart-related and format-related tasks.
The results show that using an integrated CreateChart action achieves slightly lower A50 and A90
but encounters signi cantly inferior Exec@1 and Pass@1. Additionally, splitting the SetFormat into
ner-grained format-setting actions leads to higher Exec@1 and Pass@1.

Experiment | Method Exec@1 Pass@1 A50# A90#

. Ours ful 91.7%  43.3% 125 1.67

Integrating CreateChaﬂ‘ Ours + Integrated CreateChart ~ 79.1%  37.2% 1.00  1.50
Ours full 707%  98% 275 665

Splitting SetFormat ‘ Ours + Split SetFormat ~ 80.5%  12.2%  2.00  5.60

5.5 The In uence of LLM Temperature on Task Plan Generation

We evaluate the stability of our method by running the full method three times with temperatures
from 0.0 to 1.0. The results in Fig. 4 show that the metrics are stable with slight deviations from the
values for temperature=0.0.

5.6 Atomic Action at Different Granularity

A natural question is how to determine the granularity of atomic actions, i.e. the number of workbook
elements an action manipulates.

To investigate this question, two experiments are conducted: 1) The actions that set chart properties
are incorporated into the CreateChart action, and the original separate actions are removed, with the
expectation that SheetCopilot will set chart properties when creating charts. 2) In another experiment,
SetFormat, which is originally used to set multiple format properties, is split into ner-grained
format-setting actions. Please refer to Sec. D.2 for details.

We conduct these two experiments with GPT-3.5-Turbo backend on the chart and format-related tasks.
The results in Tab. 4 show that using an integrated CreateChart action to handle chart creation and
property setting simultaneously obtains slightly higher ef ciency (lower A50 and A90). However,
this variant encounters signi cantly inferior Exec@1 and Pass@1. In contrast, splitting the original
SetFormat action witnesses considerable gains in Exec@1 and Pass@1.

After analyzing the results, we found that an integrated CreateChart encounters lower functional
correctness as its complex document makes it dif cult for SheetCopilot to understand the action usage,
thus being less able to correctly determine action arguments. In addition, the lengthy documentation
of this integrated action frequently exceeds GPT-3.5's token limit. In contrast, we observed that

after splitting SetFormat, the LLM can easily understand the simple ner-grained actions, thereby

encountering fewer hallucination cases. See Sec. D.2 for detailed analysis.

These results suggest that it is more desirable to use ner-grained atomic actions instead of integrated
high-level actions in terms of functional correctness.

6 Conclusion

We propose SheetCopilot, a spreadsheet agent based on the observe-propose-revise-act framework that
decomposes a high-level task into step-by-step solutions for software control. To evaluate our agent,
we curate a realistic and diverse dataset representing the typical demand of non-expert spreadsheet
users. The experimental results show that SheetCopilot can perform spreadsheet manipulation tasks
with a high pass rate and acceptable ef ciency, outperforming VBA-based methods. The ablation
studies show that the closed-loop control and external document insertion used by SheetCopilot bring
clear improvements over the baseline and that adopting a set of atomic action names dissimilar to
the of cial names achieves a surprising performance gain. We also nd that utilizing ner-grained
atomic actions instead of integrated high-level actions can notably improve functional correctness.
We hope our work provides a useful roadmap for researchers interested in the eld of LLM-based
autonomous agents and sheds light on future research.
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7 Supplementary Material

A Details of Dataset Collection
A.1 Details of Seed Task Collection

The details of the keyword-based and LLM-based Iters described in Section 3.1 are shown below:
Keyword-based ltering : Questions containing keywords about irrelevant spreadsheet control tasks
(e.g., Visual Basic for Application (VBA), loading and saving les, keyboard and mouse shortcuts,
using images and shapes) are removéd-based Itering : To easily identify irrelevant question

and answer (Q&A) pairs, we introduce the seventh task category, i.e. Invalid, apart from the six
categories. With these categories, a set of Q&A pairs are labeled as exemplars to prompt ChatGPT to
assign at least one category label to each pair (See Tab. B for the used prompt). After classi cation,
we remove 2432 pairs labeled as Invalid, thereby obtaining a clean dataset containing 13574 pairs
annotated with task categories.

We notice that multiple Q&A pairs are likely to refer to similar tasks with different expressions. To
identify representative questions, clustering is performed within each combination of task categories
(note that a pair may be labeled with multiple task categories). Speci cally, the title and text of
each question are concatenated as a single paragraph which is then embedded into a 768d vector
For speeding up computation, all embeddings within a category combination are further projected
to 64d vectors using Principle Component Analysis. Finally, these embeddings are grouped into
10 clusters using K-means++, which means that 10 representative questions are selected for each
category combination. Clustering all category combinations, 220 representatives are selected from
the 13574 pairs.

As our evaluation environment does not support excessively complicated tasks (e.g., consolidating
data, setting page layout, connecting pivot tables), out of these representatives, we further select
67 that involve operations supported by the evaluation environment. The tasks described in these
guestions are regarded as the seed tasks that capture the most important patterns of the whole clean
dataset.

A.2 Details of Workbench Collection

To lessen the dif culties of collecting a large-scale task dataset, the evaluation workbooks in the
workbench strictly follow three rules: (1) Data in every sheet starts from cell Al; (2) Blank columns
within tables are not allowed; (3) Each column is provided with a header on the rst row, which
means that the records of each column are listed from the second row. To better utilize the internal
knowledge of LLMs, we also provide a short paragraph describing the context of each evaluation
workbook. This context brie y introduces the usage and domain of the workbook and includes useful
formulas that assist in manipulating the workbook. See Tab. A for the contexts of all evaluation
workbooks.

A.3 Details of Core Set Collection

Adaptation. During adaptation, GPT-4 is prompted to change the manipulated sheet elements (e.g.
ranges, charts, data types) mentioned in the seed tasks. To enable GPT-4 to generate clear task
instructions relevant to the evaluation sheets, three types of descriptions are included in the prompt,
i.e., a brief sheet summary, column headers, and row numbers. In addition, adaptation exemplars
written by the authors are included in the input to teach GPT-4 in a few-shot manner. In the end, a
batch of 10 seed tasks to be adapted is listed so that the token limit is fully utilized, which speeds up
the adaptation process and saves the cost. See the used prompt in Tab. C and adaptation examples in
Tab. D.

Veri cation . Between adaptation and simpli cation, an extra veri cation step is required since

a number of the adapted tasks are unrealistic and irrelevant to the target sheet. To retain valid
proportions, we prompt GPT-3.5 (GPT-4 is not used as it is overly expensive) to classify each task
according to four criteria, i.e., realism, clarity, relevance, and completeness. A task is valid only
if it simultaneously ful lls the four criteria. GPT-3.5 is asked to describe how each task ful lls
the criteria before determining its validity as we empirically nd that this method more accurately

2The model used for embedding is OpenAl text-embedding-ada-002.
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Table A: The names and contexts of the collected workbooks. A context describes the usage and
domain of the corresponding workbook as well as useful formulas used to manipulate the workbook.

Workbook Name

Context

Invoices

SalesRep
SummerSales
EntireSummerSales
ShippingCosts

EntireShippingCosts

PricingTable

BoomerangSales

WeeklySales

Netincome
PeriodRate
Tax

MaturityDate
StockChange
IncomeStatement

IncomeStatement2

SmallBalanceSheet

SimpleCompoundinterest

FutureValue

PresentValue

ExpenseReport

DemographicPro le
GDPBreakdown

EasyGDPBreakdown
XYScatterPlot
VelocityDisplacement
Dragging

RampUpAndDown

My workbook records many invoices made on different dates.
My workbook records the monthly sales of all employees.
My workbook records the sales of my company in the summer.
My workbook records the sales of my company in the summer.
My company needs to deliver the goods to customers by truck. My workbook records the distances
between my customers and four destinations. The per-mile shipping charge is 3.11 with a minimum
charge of 75.
My company needs to deliver the goods to customers by truck. My workbook records the distances
between my customers and four destinations. The per-mile shipping charge is 3.5 with a minimum
charge of 80.
My workbook contains two tables: Sheet "Sheetl" records my transactional data which are the
number of rolls of fence sold on certain dates. Sheet "Pricing Table" is a pricing table used to
determine the price per roll according to the range the roll number falls in (The range is bounded by
Units From and Unit To).
My workbook has two tables. Sheet "Sheetl" records the sales of a boomerang company. Sheet
"Retail Price" lists the retail prices for all products.
My workbook records weekly sales and COGS but the pro t has not been calculated. The necessary
formula is Pro t = Sales - COGS.
My workbook records revenue and expense. Net Income = Revenue - Total Expenses.
My workbook records the annual rates of my investments. A year can consist of several periods.
My workbook records the weekly sales of my company and is used to compute taxes. The necessary
formulas are as follows: Pro t Before Tax = Sales - Total Expenses Before Tax; Tax Expense = Pro t
Before Tax * Tax Rate.
My workbook records my loans with their lengths in days.
My workbook records the values of my stocks on two dates.
My workbook records the yearly accounting data of my company. The necessary accounting formulas
are as follows: Gross Pro t = Net Sales — Cost of Goods Sold (COGS); Operating Pro t = Gross
Pro t - Operating Expenses; Net Pro t = Operating Pro t - Tax Expense.
My workbook records the yearly accounting data of my company. The necessary accounting formulas
are as follows: Gross Pro t = Net Sales — Cost of Goods Sold (COGS); Net sales = Sales - Sales return
- Discounts and allowances; Cost of goods sold = Materials charges + Labor charges + Overhead;
Gross pro t = Net sales - Cost of goods sold.
My workbook records the total assets, liabilities, and owner's equity. Here are the necessary nancial
formulas: Assets = Current Assets + Fixed Assets + Other Assets; Liabilities & Owner's Equity =
Current Liabilities + Long-term Liabilities + Owner's Equity.
My workbook is blank and used to record the interests of my investment. The necessary formulas are
as follows: Simple Interest = Principle amount * Year * Interest rate; Compound Interest = Principle
amount * (1 + Interest rate) “Year.
My workbook records several investments whose future values need to be calculated according to the
formula Future value = Present value * (1 + Annual Interest Rate / # Compound periods) (Years * #
Compound periods).
My workbook records several investments whose present values need to be calculated according to
the formula Present value = Future value / (1 + Annual Interest Rate / # Compound periods) ~(Years
*# Compound periods).
My workbook records all aspects of expenses but has not yet been completed. The necessary formulas
are as follows: Tax = Subtotal * Tax rate; Total = Subtotal + Tax.
My workbook records information of respondents.
| have two sheets: Sheet "Sheetl" records economic indicators of countries across the years. Sheet
"Sheet2" records a list of chosen country names.
My workbook records the economic indicators of countries across many years.
My sheet shows how two variables (Range and Height) change along with the projection angle.
My sheet records velocity against displacement.
My sheet records data from an experiment where one hanging block (m2) drags a block (m1=0.75
kg) on a frictionless table via a rope around a frictionless and massless pulley.
My sheet records the accelerations of a block in two physical scenarios but has not been completed.
One scenario is in columns A to B while the other isin C to D.
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identi es invalid tasks. Finally, 1515 valid task8E7%) remain. See Tab. F for the used prompt and
an example of using GPT-3.5 to verify the tasks.

Simpli cation . As the adapted task instructions are likely to refer to speci ¢ functions and operations
built in Excel, these instructions need to be simpli ed to read like the tone and fashion of a non-expert
user. We establish the following rules for prompting GPT-3.5 to simplify the tasks: 1) Convert speci ¢
mentions to natural language descriptions and remove redundant words while retaining the original
intention and order of actions. 2) Avoid referring to existing columns by the column indices since it
is more natural to refer to a column by the column header. 3) Mention the insertion place and add
a column header when inserting a new column to avoid ambiguity. 4) Finally, use domain-speci ¢
knowledge to diversify the expression of the generated instructions. See Tab. G for the prompt and an
example.

After these steps, a raw dataset containing diverse, natural, and realistic tasks is produced. To extract
a core set from the simpli ed tasks, six random tasks are selected for each category combination,
resulting in 402 selected tasks. The authors polish these selected tasks by further revising them and
discarding a fraction not supported by the simulator, resulting in 184 remaining tasks. To enrich
the core set, the authors act as non-expert users to compose 37 more tasks. Lastly, 221 tasks exist
in the core set. See Fig. A for the instruction length and atomic action distributions, Fig. B for the
proportions of the six task categories and the task diversity of the core set, and Fig. C for the numbers
of each category combination.

The nal step is to prepare reference solutions for these tasks. To objectively judge the performance
of LLMs, we use GPT-3.5 to generate multiple solutions for each task and then retain the successful
ones after verifying the nal s by hand. As a number of solutions are likely to exist for a task, multiple
reference solutions are collected as the ground truth for one task.

A.4 Selecting the 10% Datast Used for Comparing the LLMs

20 tasks are selected from the 221-task core set to approximately maintain the percentages of the six
categories and the distribution of the numbers of atomic actions. This collection basically represents
the pattern of the core set, avoiding a data distribution shift to a large extent. See Fig. D for the
statistics of this subset.

Figure A: The distributions of the instruction lengths and the numbers of atomic actions involved in
each instruction. The two histograms demonstrate the diverse task complexity of the core set.

B Atomic Action Names

B.1 Collecting Atomic Actions

Selecting a set of indivisible and easy-to-understand atomic actions is nhecessary since LLMs need to
generate an interpretable solution to the user-speci ed task. As no existing atomic actions used in
spreadsheet software have been curated and publicized, we obtain the names of these actions during
classifying the SuperUser Q&A pairs (Described in Sec. A.1). Speci cally, ChatGPT is prompted to
determine which atomic actions each Q&A pair requires to complete the task, which resembles a text
summarization problem. As multiple similar names are likely to be generated for an atomic action, we
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Table B: An example of using the classi cation prompt to predict multiple category labels and e

xtract

the involved atomic actions for the Q&A pairs scraped from SuperUser. For clarity, the prompt

components and an example ChatGPT response are marked with brief descriptions in blue.

(Requirements and category de nitions for classi cation)

| have a batch of Excel questions for you to clean. | need you to determine which categories each question belongs to according to the question title
answer. A question may belong to multiple categories if it involves the atomic actions of these categories.

The six categories are de ned as below:

B: Management. Tasks that organize data such as sorting, ltering, using slicers to lter data, and moving rows/columns.

C: Formatting. Tasks that modify sheet or cell formats such as changing text font, adding drop-down lists, and merging cells.

D: Formula. Tasks related to using formulas such as performing calculations and statistical analysis.

E: Charts. Tasks related to presenting data visually such as creating charts, customizing chart elements, and adding a trend line.
F: Pivot Table. Tasks related to using Pivot Table such as creating and formatting Pivot Tables.

If the question does not belong to any of the six categories above or it is too vague, it is regarded as "Invalid”.

| also need you to determine which atomic actions each valid question requires to complete the task.

(Classi cation exemplars collected by the authors.)

Below are example questions in the form of a Python dictionary:
Questions:

Q1: {"question title":"How to lter a cell which containing data by other list", "top answer":"You have to select the Column Headers and click on "Data", "Filtg
“"automatic lter" for XL2003

"Data", "Filter" for XL2007 and probably 2010."}

Q2: {"question title":"Group rows by column then sort by another column”, "top answer":"l found the solution myself. First sort by the ID then | adde
column with the following formula:=INDEX($B$1:$B$278,MIN(IF($1$2:$1$278=%14, ROW($1$2:$1$278)))). Replace the bounds as necessary. | then sor{
new column and then the ID column and the data is in the order | wanted."}
Q3: {"question title":"How to delete the in nite blank rows?", "top answer":"Go to Home!taliFind and Select Go to Special Select Blanks. Click OK. Thg
blank cells will be highlighted... "}

Ctrl+X then click on the row number below the row were you intend to insert the cut rows then press Ctrl+V."}

formula is true, enter =ISNA($B6). Click Format to set the cell formatting, then select OK .
rule, which will match to true and thus apply the formatting you want."}

margin in between the two rows. This auto sizes every row not just the one row that | clicked on."}

=SUM(B5:INDEX(B5:B1048576, MATCH(TRUE, INDEX(ISBLANK(B5:81048576),0,0),0)-1,0))"}

dates for Monday, Wednesday and Friday of the current week:

=NOW() - WEEKDAY (NOW(),3), =NOW() - WEEKDAY (NOW(),3)+2, =NOW() - WEEKDAY (NOW(),3)+4
Basically this is taking the time now, and subtracting the current weekday (which gives you Monday), then adds 2 days or 4 days to get Wednesday and
Q9: {"question title":"Excel: how to adjust range in pivot table automatically?", “top answer":"First, turn your data table into an Excel Table object: Select an
the source range, then click Insert >Table or keyboard shortcut Ctrl-T..."}

Q10: {"question title":"Create a pie chart from distinct values in one column by grouping data in Excel", "top answer":"This is how | do it:

1. Add a column and Ilit with 1 (name it Count for example). 2. Select your data (both columns) and create a Pivot Table: On the Insert tab click on the Pi
Pivot Table (you can create it on the same worksheet or on a new sheet) ..."}

Q11: {"question title":"How to Change Orientation of Multi-Level Labels in a Vertical Excel Chart?", “top answer":"You can only control the alignment of th
most set of multi-level axis labels. Except when you add a data table to the chart, then you have no

control over the alignment. One thing you can consider is to turn off the multi-level category option:"}

Q12: {"question title":"Create PDF with internal hyperlinks", “top answe
Q13: {"question title":"What does the TABLE function do?", "top answer":""}

Q14: {"question title":"How do you create a report in Word (or other documentation software) that is linked directly with Excel 2007 data?", "top ans
(Exemplar classi cation results consist of the category labels and involved atomic actions of each Q&A pair)

Results:

"B", "atomic actions":"Filter"}

Q2: {"category’ D", "atomic actions":"Sort, Statistic functions, Lookup and reference functions"}
":"Delete rows"}

ut-paste, Insert rows"}

:"Conditional formatting"}

C", "atomic actions":"Resize cells"}

D", "atomic actions":"Math functions"}

D", "atomic actions":"Date and time functions"}

F, A", "atomic actions":"Create Pivot Tables, Insert rows"}

A, F, E", "atomic actions":"Insert columns, Create Pivot Tables, Create Pivot Charts"}

Q4: {"category’
Q5: {"category’
Q6: {"category’
Q7: {"category’
Q8: {"category’

tomic actions":None}

Q14: {"category":"Invalid", "atomic actions":None}

(Q&A pairs to be classi ed)

Please process the questions below and give results in the same form as the examples above.
Questions:

Q1: {"question title":"SUM column C unless value in col A matches col B", "top answer":"You can use the following, entered as an array formy
CTRL+SHIFT+ENTER:=SUM(IF(COUNTIF(B1:B7,A1:A7)=0,C1:C7))"}
Q2: {"question title":"Word paste table from Excel has marks instead of values", "top answer":"Cause: The column is “too narrow" to allow showing the
according to Word. Remedy: Move the mouse pointer slowly horizontally over the column border and it will change shape at some point ..."}

Q3: {"question title":"According to 4"3"2 = (4"3)"2. Is this really the standard mathematical convention for the order of exponentiation?", “top answe
teacher is right. According to standard rules of algebra exponents are solved from right to left, therefore ..."}

(GPT-3.5 response)
Q1: {"category’ D", "atomic actions":"Update cell value, Math functions"}
Q2: {"category":"C", "atomic actions":"Formatting cells"}

A: Entry and Manipulation. Tasks that enter and manipulate cell contents such as editing cell values, splitting texts, inserting and deleting rows/columng.

Q5: {"question title":"How do | add conditional formatting to cells containing #N/A in Excel?", "top answer":"Select the rst cell you want to highlight. (B6).
Click Home -> Conditional Formatting -> Manage Rules -> New Rule. Select Use a formula to determine which cells to format. In the eld Format values where this

Q7: {"question title":"Sum contents in column from starting cell on down without setting an explicit last cell index", "top answer'|:"
Excel 2003 or before: =SUM(B5:INDEX(B5:B65536,MATCH(TRUE,INDEX(ISBLANK(B5:B65536),0,0),0)-1,0)). For Excel 2007 or after:

and its top

r and

anew
by this

Q4: {"question title":"How to cut certain rows and insert before a certain row in excel”, “top answer":"Highlight the row by clicking of the row number then press

Click OK again to create the formatting rule. In the Conditional Formatting Rules Manager, edit the range under Applies to (ex: $B6:$B8). Select OK to apply the

Q6: {"question title":"How do you auto resize cells in Excel?", "top answer":"| have solved it like this: 1. Select the entire spreadsheet. 2. Double click the line in the

"For

Q8: {"question title":"How to get the dates of the current monday, wednesday and friday of the current week in excel?", "top answer":"The following will display the

Friday."}
y cellin
otTable |

2 inner

la with
content,

":"Your

Q3: {"category":"Invalid", "atomic actions":None}

17



Table C: An example of using the adaptation prompt to adapt the seed tasks. For clarity, the prompt
components and an example GPT-4 response are marked with brief descriptions in blue.

(Requirements for adaptation)
As an Excel expert, you have been assigned the responsibility of adapting a set of task instructions for speci ¢ Excel workbooks. These instructions will be|utilized to
evaluate the Excel manipulation capabilities of large language models.

Requirements:

1. First, identify individual atomic actions used in the original instructions, then develop new instructions incorporating these actions.
2. Use the detailed descriptions of the provided workbooks to modify the original instructions so that they become compatible with the workbooks. Speci ¢ally, you
must change the manipulated objects (ranges, sheets, rows, and columns) in the original instructions. You must also change the way you use atomic actions.| For instance,
if the original instruction sets the data type as accounting, you can change it to other types in the adaptation.

3. Use standard range references, such as 'Sheet2!A1:C9', 'A2:E16', 'A:H', column C, or row 16.

4. Use different phrasing (e.g., various sentence structures and noun/verb forms) to create diverse instructions.
5. Apply domain-speci c knowledge to diversify the generated instructions. For instance, use nancial knowledge to calculate various metrics, demonstrate trends in
product sales from different perspectives, visualize data using various types of charts, and so on.
6. (Important!) The generated instructions must describe realistic tasks and involve the normal use of atomic actions according to the workbook descriptions.

7. In every new instruction, new tables and Pivot tables must be created in a new worksheet and start from A1. Only one new sheet is allowed to be created. Besides, the
headers of new columns/rows and the names of new sheets must be set.
8. The instructions after adaptation should look like what a non-expert Excel user would say and should not mention any speci ¢ functions or operations buift in Excel.
(Available atomic actions used to label the adaptation results)

Here are the atomic actions you can identify within the six categories:
A. Entry and manipulation: Update cell value, Delete, Split text to columns, Insert row, Insert column, Auto Il, Copy-paste, Copy-paste format, Copy sheet, Cut-paste,
Find and replace, Set hyperlink, Delete hyperlink, Remove duplicates, Rename sheets, Insert checkbox, Insert textbox, Create sheet, Delete sheet, Clear
B. Management: Switch sheet, Sort, Filter, Delete lter, Slicer, Move rows, Move columns, Group, Ungroup, Hide rows, Hide columns, Unhide rows, Unhide columns,
Hide sheet, Unhide sheet, Set password, Transpose, Create named range, Delete named range, Data consolidation, Freeze panes, Unfreeze panes, Splif panes

C. Formatting: Format cells, Set data type, Delete format, Merge cells, Unmerge, Change page layout, Set border, Resize cells, Conditional formatting, Lock fand unlock,
Protect, Unprotect, Drop-down list, Data validation, Insert checkbox, Display formulas, Wrap text, Unwrap text, Auto t
D. Charts: Create chart, Create Pivot Chart, Set chart title, Set chart axis, Set chart has axis, Set chart legend, Set chart type, Set chart color, Set chart soyrce, Set chart
marker, Resize chart, Set trend line, Add data labels, ... (leave out for clarity)

E. Pivot Table: Create Pivot Table, Remove Pivot Table, Set summary type, Sort Pivot Table
F. Formula: Date and time functions, Logical functions, Lookup and reference functions, Math functions, Statistical functions, Text functions, Financial fungtions

Restrictions for the atomic action parameters:
Chart type can only be (stacked/clustered) column chart, (stacked/clustered) bar chart, (3D) pie chart, line chart (with smooth lines), (stacked) area chart, or gcatter chart.
Cell value type can only be date, text, time, currency, percentage, number, or general.

| will give you an example rst:

(Adaptation exemplars written by the authors)

Given an Excel workbook:

The sheet 'Sheetl' records the employee working hours of a coffee shop. It has 8 columns (Headers are: A: "location”, date", D: "hours", E: '|ot hours",
F: "base pay", G: "ot pay", H: "total pay") and 11 rows (including the header row). The cells in the "location” column can be "capitol hill", "queen anne". The cells in the
"name" column can be "Aaron”, "Bob", "Blanca", "Frank".

The original instructions to be adapted:

1. I'd like to know if there's a formula (or combination of formulas) to sum Column B ONLY if it equals Column A?
2. Column A contains multiple due dates and cell B1 is 10/31/2022. Append a special character to the cells in column A depending on whether the due date is less or
more than the date in B1. If neither applies, leave the cell unchanged.
3. Create a Pivot Table to separate dates by each month similar to the quarterly function. This will show all dates in the last year under the column label. Choose the
monthly option under data Iters in the columns label under data Iters.

4. Freeze A1:B10 so that no matter how | scroll vertically or horizontally this range is always frozen.
5. I have ve groups of data each occupying two columns. I'd like to have them plotted all on one bar chart but with the series separated (i.e., not clustergd) so that
several column charts stick together sharing the same y-axis.

Adaptations compatible with the given workbook (Show the categories involved in the generated instruction and list the atomic actions following the categqry label):
1. Instruction: In a new column with header "Total pay each location”, use a formula to sum the “total pay" (Column H) for each employee ONLY if their “lpcation”
(Column A) is "capitol hill". - Categories (atomic actions): A (Update cell value); F (Math functions)
2. Instruction: Create a formula in a new column (Column I) with header "Marked Due Dates" to check if the dates in column C are less or more than 10/31/2p22. If the
date is less, append a - to the cell in the same row in column C; if the date is more, append a '+'; otherwise, leave the cell unchanged. - Categories (atomic actions): A
(Update cell value, Auto Il); F (Logical functions, Text functions)
3. Instruction: Create a Pivot Table in a new sheet named "Sheet2" based on the data in 'Sheet1' and then summarize sum of hours for each location in this Rivot Table. -
Categories (atomic actions): A (Create sheet); E (Create Pivot Table)
4. Instruction: Freeze the range A1:H1 so that the headers remain visible when scrolling vertically or horizontally. - Categories (atomic actions): C (Freeze panes)

5. Instruction: Create a Pivot Table in a new sheet named "Sheet2" to sum the hours for all dates and then plot a line chart to show the trend of hours changing with dates.
- Categories (atomic actions): A (Create sheet); E (Create Pivot Table); D (Create chart)

(Seed tasks to be adapted)
Now it's your turn.

Given an Excel workbook:
My workbook records information of respondents. Sheet "Sheetl" has 4 columns (Headers are A: "Respondents”, B: "Sex", C: "Civil Status", D: "Highest E¢lucational
Attainment") and 41 rows (including the header row). The cells in the "Respondents" column range from 1.00 to 40.00. The cells in the "Sex" column can be "Male",
"Female". The cells in the "Civil Status" column can be "Single", "Widow", "Married". The cells in the "Highest Educational Attainment" column can be "Elementary”,
"Senior High School", "Junior High School".

The original instructions to be adapted:

1. I'd like to know if there's a formula (or combination of formulas) to sum Column B ONLY if it equals Column A.
2. | have a sheet 1 with 3 columns as shown below. | have another sheet named Sheet 2 with only the rst names in Column A in Sheet 1. | would like to write|a formula
in column B of Sheet 2 which matches the rst name in Column A of Sheet 2 against the rst name in Column A of Sheet 1. If "no" is found in column C of Shegt 1 then
copy the information in column B of Sheet 1 to column B of Sheet 2.

Adaptations compatible with the given workbook (Show the categories involved in the generated instruction and list the atomic actions following the category label):
(GPT-4 response)
Instruction: Can we nd out if there's a formula (or a combination of them) that sums up all values in the "Highest Educational Attainment" column (Column D) ONLY
if the "Sex" is "Male" (Column B)? - Categories (atomic actions): A (Update cell value); F (Math functions, Logical functions)
Instruction: In a new column (Column E) named "Gender-Match Education”, nd if the "Sex" in column B matches the "Highest Educational Attainment" in Cglumn D.
If there's a match, copy the corresponding "Civil Status” from Column C to Column E. - Categories (atomic actions): A (Insert column, Update cell value, Ayto Il); F
(Lookup and reference functions)
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