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IN  PAIR PROGRAMMING, two developers write code 
together. One takes the role of driver, writing the code 
needed for the task at hand, while the other assumes 
the role of navigator, directing the driver’s work and 
reviewing the code. This allows the driver to focus on 
detailed coding—syntax and structure—while letting 
the navigator direct the flow of the work and review the 
code in real time. Proponents of pair programming 
say it improves code quality and readability and can 

speed up the reviewing process.5 To 
date, effective pair programming has 
required the complex coordination of 
getting two programmers to work to-
gether synchronously. This has made it 
challenging for teams to adopt this ap-
proach at scale. The emergence of new 
AI-powered tools to support program-
mers has shifted what it means to pair 
program.

GitHub Copilot is an AI-powered de-
veloper tool leading this shift. GitHub 
released Copilot in a complimentary 
technical preview on June 29, 2021, 
letting hundreds of thousands of de-
velopers try coding with an AI pair pro-
grammer. Copilot became generally 
available as a paid product on June 21, 
2022. This article focuses on the earli-
est releases of Copilot—the free tech-
nical preview—because these allowed 
us to capture some of the first experi-
ences with an AI pair programmer. 
While some changes to Copilot have 
been made in the version released in 
2022, the user interface and experience 
is largely the same.

With developers taking the role of 
navigator, they can direct the detailed de-
velopment work and review the code as it 
is being written. In addition, the AI assis-
tant can write code (directed by the devel-
oper navigator) much faster than a peer, 
potentially speeding up the process. 

Copilot received public attention 
quickly, generating conversation in fo-
rums, press, and social media. These 
impressions ranged from excitement 
about potentially boosting developers’ 
productivity to apprehension about AI 
replacing programmers in their jobs.

But what were developers’ actual 
experiences with Copilot, beyond the 
hype found in top tweets, Hacker News, 
or Reddit posts? During the early days 
of the technical preview, we investi-
gated the initial experiences of Copilot 
users. This provides an unique oppor-
tunity to watch how developers would 
use it, as well as what challenges they 
encountered. While most of the ob-
servations were expected, there were 
some surprises as well. This article 
presents highlights from these initial 
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importance of different skills—for ex-
ample, the emerging importance for 
developers to know how to review code 
as much as to write code. 

	˲ A discussion of opportunities that 
AI presents to the software develop-
ment process and its potential impact.

We conducted three studies to un-
derstand how developers use Copilot: 

1. An analysis of forum discussions 
from early Copilot users.

2. A case study of Python developers 
using Copilot for the first time.

3. A large-scale survey of Copilot us-
ers to understand its impact on produc-
tivity. 

We will discuss each of these stud-
ies (summarized in Table 1). 

What Is Copilot and 
How Does It Work?
At its core, Copilot consists of a large 
language model and an integrated de-
velopment environment (IDE) exten-
sion that queries the model for code 
suggestions and displays them to the 
user. You may already have interacted 
with such models when writing docu-
ments or text messages. These models 
have been trained on billions of lines of 
text and have developed the ability to 
predict, with high accuracy, what you 
are going to type next. 

The important difference here is that 
Copilot uses Codex, a language model 
trained on source code instead of text 
(for example, email, text messages, web-
sites, or documents). This source code 
came from a large portion of the public 
code on GitHub, the largest repository 
of source code in existence. 

According to OpenAI, the team 
that built Codex, the model has been 
trained on more than 159GB of Py-
thon code alone, in addition to code 
from many other languages. As such, 
it’s quite common for code that a 
developer is writing to be like some 
combination of pieces of code that 
Copilot has seen before (during mod-
el training). Copilot recognizes these 
similarities and offers suggestions 
based on the similar pieces of code on 
which it was trained. Copilot, howev-
er, doesn’t make suggestions to devel-
opers by making copies of code that it 
has seen previously. Rather, Copilot 
generates new suggestions (some of 
which may not actually exist in any 
code base) by synthesizing what it has 

empirical investigations. We should 
note the models and technology used 
to develop Copilot are changing rap-
idly. This analysis was current as of 
January 2022. Although some features 
of the tool have evolved, the general 
themes discussed here still hold true 
at the date of publication. These high-
lights include:

	˲ The diverse ways that developers 

are using Copilot, including things 
that worked great and things that very 
much didn’t.

	˲ Challenges developers encoun-
tered when using the technical preview 
of Copilot, yielding insights into how 
to improve AI pair-programming expe-
riences.

	˲ How AI pair programming shifts 
the coding experience and reveals the 

Table 1. Summary of studies included in this article.

Study 1: Forum Analysis 
Oct/Nov 2021

Study 2: Case Study 
Dec/Jan 2022

Study 3: Survey 
Feb/Mar 2022

What are people  
using Copilot for?

How are first-timers  
engaging with Copilot?

How does Copilot  
impact productivity?

Approach: Reviewed and 
analyzed 279 GitHub Discussions 
forum posts

Approach: Conducted a think-
aloud study with 5 expert 
Python developers

Approach: Analysis of 2047 
survey responses from Copilot 
developers

Key Finding: Participants 
reported spending less time on 
Stack Overflow, but now have 
less of an understanding of how 
or why the code works.

Key Finding: Participants accept 
the suggestion for efficiency 
but give up a small bit of 
autonomy/control over the code 
they’re writing. We observed 
participants wrestle with this in 
real-time.

Key Finding: We were able to 
correlate 11 usage metrics 
to perceived productivity. 
Acceptance rate had the 
highest positive correlation 
to aggregate perceived 
productivity.

Example of screenshot of IDE with Copilot code completion.

Table 2. Early experiences with Copilot.

The good The bad The mixed

users reported  
productivity improvements

users report Copilot gets  
into loops of suggesting  
the same thing

less coding but  
more reviewing

users compared Copilot  
to a human

Copilot does not write  
“defensive code”  
for example, check null pointers

less time on Stack Overflow,  
but now less understanding  
of how/why the code works

“Copilot removes the ceiling  
on creativity”

Copilot sometimes suggests 
inappropriate text

API discoverability is  
supported but does not  
provide enough information  
to select best solution

some said Copilot suggested 
something they would  
“ordinarily overlook”

Copilot at times leaks PII  
in header files
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ticipants used Copilot to help them 
learn a new programming language, 
set up a quick server, calculate math 
problems, and assist in writing unit 
tests and regular expressions. 

These first examples are related 
to coding but are much more power-
ful than simple line completion. In 
fact, one developer passed two coding 
skills tests without prior knowledge of 
complex code in the tested languages 
by using knowledge of other languag-
es and leveraging Copilot for support. 
Several developers used Copilot to 
translate text messages from one lan-
guage to another—for example, from 
English to French. Another developer 
connected Copilot with a speech-rec-
ognition tool to improve accessibility 
by building a code-as-you-speak fea-
ture. The range of user experiences we 
observed during the technical preview 
of Copilot are summarized with exam-
ples in Table 2.

Some early users had questions 
about how Copilot creates its code sug-
gestions. They expressed uncertainty 
about licensing the code generated by 
Copilot. Some believed aspects of Co-
pilot, such as code suggestions, might 
be required to be released under open 
licenses because the code used to 
train Codex (the AI model powering 
Copilot’s suggestions) was potentially 
subject to open source license. Others 
chimed in with different perspectives, 
overall expressing different opinions 
on whether Copilot’s suggestions 
should be released under open li-
censes or if used by developers, could 
pose license compliance issues based 
on inclusion of code suggestions. 
The rationale for these opinions var-
ied: Some believed that open source 
licenses applicable to code used to 
train Copilot somehow applied; oth-
ers pointed to copyright law; and still 
others posited a “moral basis” for giv-
ing back to open source developers. 

There were also discussions about 
how copyright applied to Copilot’s code 
suggestions. Some users questioned 
whether code suggested by Copilot 
would be protected by copyright, and 
if so, who might assert the copyright—
GitHub, a developer using Copilot on 
a project, or even owners of code used 
to train Copilot (in cases where Copi-
lot’s suggestions matched the code 
used to train Copilot). The discussions 

observed in billions of lines of code 
during model training. 

While Copilot leverages this very 
large model, more than a high-quality 
code-suggestion engine is required to 
help developers be more productive. 
Copilot has been incorporated into 
multiple IDEs in a way that makes code 
suggestions timely and seamless. As 
you write code, requests are continu-
ously sent to Copilot’s AI model, which 
is optimized to analyze the code, iden-
tify useful suggestions, and send them 
back in fractions of a second so that 
they can be offered to developers in 
their IDEs when needed, as shown in 
the accompanying figure. 

The experience developers encoun-
ter is like the existing autocomple-
tion that has been in modern IDEs 
for years. The difference is that these 
suggestions may be longer, sometimes 
spanning multiple lines of code, and 
ideally more contextually relevant and 
helpful. Copilot can currently be used 
in VS Code, Visual Studio, Neovim, and 
JetBrains IDEs, including PyCharm 
and IDEA.

During these initial investigations 
of Copilot, it became evident that 
it was unclear to developers how it 
worked. Among the most common 
misunderstandings was that while Co-
pilot does learn from code, the learn-
ing happens during a general training 
phase, where OpenAI trains a general-
purpose programming model (Codex) 
that is fine-tuned by using a selected 
set of public codebases on GitHub. 
(For more about Codex, a model fine-
tuned by OpenAI, refer to https://ope-
nai.com/blog/openai-codex/) 

In contrast, when a developer uses 
Copilot to generate suggestions dur-
ing a coding session, the code sent to 
Copilot to generate the suggestion is 
not used to make suggestions to other 
developers. Simply put, this model 
will not “leak” code to anyone else. In 
fact, such Web requests are ephem-
eral, and the code is not logged, cap-
tured, or recorded (unless users agree 
to collection).

Why Are People Using Copilot?
To get a better understanding of how 
people were using Copilot, we collected 
and analyzed users’ self-reported expe-
riences to uncover the challenges they 
faced and the opportunities this tool 

presented them, as well as to identify 
how the technology could evolve. The 
Copilot Discussion forum, available to 
all technical preview users, was a valu-
able resource. In this forum, Copilot 
users provided code snippets, links 
to blogs, and even live coding videos. 
An analysis of all 279 posts available, 
which were devoted to general feed-
back and personal showcases, uncov-
ered strengths and challenges of Copi-
lot, as well as uses that extend beyond 
traditional coding tasks.

Among the strengths of Copilot 
highlighted by users: It helped them 
adapt to different writing styles, gen-
erate simple methods and classes, 
and even infer which methods to write 
based on comments. This flexibility 
is largely a result of the context used 
by Copilot to make its recommenda-
tions. It uses information about the 
currently active file and code region 
to prompt the Codex model and adapt 
the recommendations to developers. 
Users reported that Copilot can adapt 
to different coding styles (that is, 
naming, formatting). In one instance, 
Copilot was able to make recommen-
dations in someone’s own custom 
programming language. The ability to 
work with multiple languages was also 
cited as a strength.

Challenges that Copilot users raised 
included the risk of revealing secrets 
such as API keys and passwords or 
suggesting inappropriate text. This 
feedback was addressed during the 
technical preview by adding a filter to 
Copilot that removed problematic sug-
gestions. Users reported that Copilot 
sometimes does not write “defensive 
code”—for example, when Copilot 
writes a complete method that takes a 
parameter, it may not check if pointers 
are null or if array indices are negative. 
In some cases, users found Copilot 
suggestions to be distracting and, as 
such, requested keyboard shortcuts for 
turning Copilot on/off or muting it for 
a period. Users also asked that the con-
text should take more than the current 
file into account.

In addition to traditional AI pair 
programming (that is, code comple-
tion that people think of when using AI 
in a programming environment), Co-
pilot was used for tasks that extended 
well beyond this scenario. A few inter-
esting use cases emerged where par-
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able usage data. (For a full description 
and findings of this study, see Ziegler 
et al.7) 

Survey participants were those us-
ers in the technical preview who opted 
in to receive communications. Of the 
17,420 surveys sent, 2,047 responses 
were received between February 10, 
2022, and March 12, 2022. The survey 
included questions along several di-
mensions of productivity based on the 
SPACE framework.2 

Analysis of their responses showed 
that users’ perceived productiv-
ity correlated to 11 usage metrics, 
including persistence rate (percent-
age of accepted completions that 
remained unchanged after various 
intervals); contribution speed (num-
ber of characters in accepted com-
pletions per hour); acceptance rate 
(percentage of shown completions 
accepted by the user); and volume 
(total number of completions shown 
to the user). The paper includes a 
full list of the adapted metrics used. 
Across all analyses, acceptance rate 
has the highest positive correlation 
to aggregate perceived productivity  
(r = 0.24, P < 0.0001)—higher than 
persistence measures.7 This finding 
implies that users perceive them-
selves to be more productive when 
accepting suggestions from Copilot, 
even if they must edit the suggestion. 
That said, this presents opportuni-
ties to explore how suggestions that 
help users think and tinker may be 
more valuable to them than ones that 
save them typing time.6 

Discussion
Copilot is one of the first widely used 
developer tools powered by AI models, 
offering a notable shift over previous 
methods like genetic programming.3 
Over the next five years, however, AI-
powered tools likely will be helping 
developers in many diverse tasks. For 
example, such models may be used 
to improve code review, directing re-
viewers to parts of a change where re-
view is most needed or even directly 
providing feedback on changes. Mod-
els such as Codex may suggest fixes 
for defects in code, build failures, or 
failing tests. These models can write 
tests automatically, helping to im-
prove code quality and downstream 
reliability of distributed systems. 

revealed that many developers may be 
unfamiliar with global copyright laws. 
Similarly, the discussions revealed that 
developers have differing perspectives 
about whether code generated by use 
of an AI model should be capable of 
copyright protection.

Readers should note this section 
summarizes the comments in Copilot 
Discussion forum posts and that users 
did not use precise terms. Also note 
this summary presents a synopsis of 
the posts as they were observed and 
does not represent any personal opin-
ions of the authors or official stance of 
the authors’ employers. Finally, note 
that while we have endeavored to sum-
marize the comments to our best abil-
ity, we are not legal professionals, and 
this summary is not intended to serve 
as a legal review of these topics. 

How Are First-Time Users 
Engaging with Copilot?
Findings from the forum analysis in-
spired several questions about Copilot 
use in practice. Thus, to better under-
stand how developers engage with this 
tool in situ, we conducted an in-depth 
case study with five professional Py-
thon developers, strategically selected 
as external industry developers who 
had not interacted with Copilot before. 
The study was conducted according to 
the following protocol:

1.	 Participants were walked through 
a short demonstration of Copilot.

2.	 After a brief description of the re-
quirements, participants were asked to 
implement a command-line tic-tac-toe 
game.

3.	 Participants were asked to imple-
ment a “Send email” feature.

4.	 A post-study reflective interview 
was conducted to assess the partici-
pants’ overall perspective on Copilot. 

The order of these tasks was cho-
sen strategically: First to provide 
guidance to the participants on how 
to use Copilot; then have them use 
the tool to independently build their 
own foundation and mental models 
of how things work; and finally, to 
create a scenario where they would 
likely need to look up an API they do 
not use often. We hypothesized that 
recalling the correct use of APIs is 
where Copilot can provide additional 
value because it combines code com-
pletion, that is, code that developers 

would likely be able to provide them-
selves, as well as additional informa-
tion that developers might typically 
need to search for (for example, by 
searching Stack Overflow). Addition-
al details can be found in the “Study 
Protocol” sidebar.

At the completion of the case study, 
researchers convened to discuss partic-
ipant responses and common themes 
that emerged. Participants’ experienc-
es ranged from enjoyment, guilt, skep-
ticism, clarity on how to interact with 
the tool, and opportunities for AI pair 
programming to evolve. 

In terms of enjoyment, many par-
ticipants expressed overall amazement 
during their first interactions with the 
tool: “Wow. That saved me a heck of a lot 
of time. Yeah, I think I would’ve tried to 
do it all in one line and throw some line 
breaks in there. But this looks better and 
it’s actually a bit more readable.” 

Following this first interaction, the 
light guilt of having this tool at their 
disposal set in for some participants. 
One described it as: “This is pretty 
cool. At the same time, [Copilot can] 
make you a little lazy when thinking 
about the logic you want to implement. 
You’ll just focus on that logic, which it’s 
providing to you, instead of thinking of 
your own [logic].”

A core highlight from this case 
study was the early indicator that de-
velopers using AI-assisted tools often 
spend more time reading and review-
ing code than writing, findings sup-
ported by other investigations.4 The 
insights from study participants also 
highlighted some promising areas to 
investigate in the future, such as in-
cluding more context around sugges-
tions presented (for example, which 
suggestion optimizes for readability, 
performance, or conciseness), as well 
as code provenance. 

Finally, all the participants re-
marked that they felt Copilot contrib-
uted to their productivity. This led 
to further investigation and the final 
study covered in this article.

How Does Copilot  
Impact Productivity?
To better understand how Copilot us-
age can impact productivity directly, 
we conducted a survey with users 
about their perceived productivity 
and compared it with directly measur-



JUNE 2023  |   VOL.  66  |   NO.  6 |   COMMUNICATIONS OF THE ACM     61

practice

(or more?) build breaks, test failures, 
or even post-release defects? Should 
such code have scrutiny during code re-
view? What proportion of shipping code 
comes from tools such as Copilot? 

The answers to these questions 
are important to all stakeholders of a 
software organization but answering 
them requires knowing where each 
line of code comes from. Unfortunate-
ly, these answers are unknown right 
now: The provenance of generated 
code doesn’t live past a single devel-
opment session in an IDE. There is no 

AI models could help refactor 
large, complex code bases, making 
them easier to read and maintain. 
Code comments or documentation 
may be automatically generated us-
ing these models. In short, any devel-
oper task that requires interacting or 
reasoning about code in any way can 
likely be aided by AI. The challenge 
will come in creating the right user 
experience such that the developer is 
helped more than hindered.

This study of Copilot shows that 
developers spend more time review-
ing code (as suggested from Copilot 
or similar tools) than writing code. As 
AI-powered tools are integrated into 
more software development tasks, de-
veloper roles will shift so more time is 
spent assessing suggestions related to 
the task than doing the task itself (for 
example, instead of fixing a bug di-
rectly, a developer will assess recom-
mendations of bug fixes).

In the context of Copilot, there is a 
shift from writing code to understand-
ing code. An underlying assumption 
is that this way of working—looking 
over recommendations from tools—is 
more efficient than doing the task di-
rectly without help. These initial user 
studies indicate that this is true, but 
this assumption may not always hold 
for varying contexts and tasks. Finding 
ways to help developers understand 
and assess code—and the context 
within which that code executes and 
interacts—will be important. This nat-
urally leads to the need to understand 
the dynamics between developers and 
AI-powered tools.

An increasingly important topic of 
consideration is the trust that devel-
opers have in AI-powered tools like 
Copilot. The success of any new devel-
opment tool is tied to how much a de-
veloper trusts the tool is doing the “right 
thing.” What factors are developers 
finding important to build that trust? 
How does trust get reconstructed after 
AI-powered developer tools perform in 
an unexpected manner? For example, 
if code suggested by Copilot introduces 
security vulnerabilities or performance 
bottlenecks, its use will rapidly decline. 

“Traditional” tools such as com-
pilers or version control systems are 
largely deterministic and predictable. 
When problems occur, developers can 
examine and even modify the source 

code to understand any unexpected be-
havior. That is simply not the case with 
AI-powered tools. In fact, AI deep-learn-
ing models are probabilistic and more 
opaque. Further research is needed to 
better understand how tools leveraging 
these AI models can be designed to fos-
ter developer trust, leading to a measur-
able positive impact with developers.

Finally, it will become important to 
track AI-generated code throughout the 
software development life cycle, as this 
will help answer important questions: 
Does AI-generated code lead to fewer 

The Copilot case study took place over two days. The team spent an hour with each 
participant. Each interview took place over Microsoft Teams. The researchers used 
a PowerPoint presentation to organize the study, and participants were asked to 
share their screens as they engaged with Copilot. Each interview consisted of the 
following steps:

Task 1: Small Demonstration of Copilot
Participants were asked to launch Copilot via a preconfigured Codespace linked to a 
GitHub repository. From there participants were asked to complete a basic function 
that accepts an integer and returns whether that integer is a prime number. As 
discoverability was not part of the study, descriptions and guidance were provided, 
pointing out features of Copilot as they presented themselves. 

Task 2: Creating a Command-line Tic-Tac-Toe Game
Once participants understood how to engage Copilot and its basic functionality, they 
were asked to build a tic-tac-toe game with the following criteria: 

1.	 Add a class for a tic-tac-toe board that defines the nine cells of the game board. 
2.	 Add a method that accepts and tracks player moves on the board. 
3.	 Add a method that displays the board in the command line. 
4.	 Add a method that determines when the game is over and whether a player  

has won. 
5.	 �Write code to test that the board is displayed correctly and that the game is over 

when a player wins. 

Task 3: Implement a “Send Email” Feature
To get a sense of how participants would respond to using an unfamiliar API (and how 
Copliot would respond with suggestions), they were asked to build a feature to email the 
researcher when a game is complete. All participants noted that they had never used the 
smtplib library before. 

Post-Study Reflective Interview
After roughly 35–40 minutes of using Copilot to complete these tasks, participants were 
asked a set of rating-scale questions, concluding with one open-ended question: 

1.	 How would you rate your overall experience with Copilot today?  
(1 = “Not at all positive” to 5 = “Very positive”)

2.	 How helpful was Copilot while you attempted to complete the tasks today?  
(1= “Not at all helpful” to 5 = “Very helpful”)

3.	 How effective were Copilot’s suggestions while attempting to complete the tasks 
today? (1 = “Not at all effective” to 5 = “Very effective”) 

4.	 How different were Copilot’s suggestions from your typical “style” of writing 
code? (1 = “Not at all different” to 5 = “Very different”) 

5.	 How interruptive was Copilot while you were trying to complete the tasks today? 
(1 = “Very interruptive” to 5 = “Not at all interruptive”) 

6.	 How likely would you be to recommend Copilot to a friend or colleague?  
(1 = “Not at all likely” to 5 = “Very likely”) 

7.	 How likely would you be to use Copilot if it was available today?  
(1= “Not at all likely” to 5 = “Very likely”) 

8.	 How disappointed would you be if GitHub decided to discontinue Copilot?  
(1 = “Not at all disappointed” to 5 = “Very disappointed”) 

9.	 How would you describe Copilot to one of your colleagues who has not heard of 
it before? 

Study Protocol
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findings inspire readers to consider 
what this can mean for the nature of 
collaboration for their work in the 
future and its potential impact. The 
sidebar “Research Pointers Hot Off 
the Press” lists some recent work on 
AI-powered programming.
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way to know which code checked into 
a git repository comes from an AI tool. 
Developing provenance tools that can 
track generated code end to end from 
IDE to deployment will be critical for 
software organizations to make in-
formed decisions about when, where, 
and how to incorporate AI-powered 
tools into their development.

Conclusion
This research on Copilot provided ear-
ly insight into how AI-powered tools 
are making an entrance into the soft-
ware-development process. Likewise, 
these studies have also presented 
new research questions that warrant 
further investigations for AI-powered 
tools overall.1 We hope these early 
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actively exploring. If you are interested in reading more about the topic, there are some 
recent papers and studies, organized in two main categories: How programmers are 
using Copilot; and the effectiveness of Copilot. (Note that Copilot was the first AI pair 
programmer to be released and was the tool with the largest distribution, so most 
research is done with this tool.)
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programming tasks and its impact on task completion time and success rate. Barke 
et al. report on a grounded theory analysis of how 20 programmers interacted with 
Copilot. They observed modes: In acceleration mode, a programmer uses Copilot to 
get to the code faster; in exploration mode, a programmer uses Copilot to explore the 
options. 
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Dakhel et al. compare Copilot’s solution for fundamental algorithmic problems 
with human-written code by students. Nguyen and Nadi investigate how well 
Copilot performs on LeetCode questions and compare its performance across 
programming languages. Imai investigates the effectiveness of Copilot as a 
substitute for a human pair programmer. Several papers focus on security. Pearce, 
et al. found that just like human developers, Copilot can produce vulnerable code 
in some cases. Asare et al. are currently working on an empirical study to investigate 
whether Copilot is as likely as human developers to introduce vulnerabilities. 
Ziegler et al. investigate whether developer interactions with GitHub Copilot can 
predict self-reported productivity and report patterns in the acceptance rates of 
Copilot suggestions. (A portion of this work is briefly summarized in the article’s 
discussion about the large-scale survey.) 
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