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Introduction

In a few short years, large language models (LLMs) have become more and more capable of
performing a wide variety of tasks, including tasks that require expertise in software
development. As a result, LLMs are now in widespread use by computing professionals;
educators in computing are starting to teach students how to use LLMs; and researchers in
academia and industry continue to advance their capabilities. The widespread adoption of
these models has shifted both how we program software and how we teach the next
generation of developers, and has called into question what the future of programming will look
like.

In order to examine the research questions arising in relation to a future of programming with
LLMs, the Computing Community Consortium (CCC) convened a series of roundtables with
experts in LLM development, software development, and computing education. CCC catalyzes
the computing research community by organizing workshops, creating white papers, and
fostering discussions that describe policy and funding recommendations for future research
directions. These virtual roundtable discussions ran for one hour each, with groups of between
two and six external experts, not including the organizers. This roundtable series featured three
separate roundtable discussions, with attendees separated into three groups: software
developers, educators, and industry leaders focused on deploying these models. Each
roundtable presented different sets of questions targeted towards each of these groups of
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individuals and their areas of expertise. This whitepaper shares the challenges posited by the
roundtable participants, as well as recommendations endorsed collectively by the group.

Large Language Models in Software Engineering

LLMs are a class of neural networks that are trained on large corpora of text. When the training
corpus includes source code (which includes natural language comments), developer
documentation, Q&A about software engineering tasks, and so on, an LLM can learn to
bidirectionally translate between natural language and programming languages, generate
documentation from code, translate between programming languages, generate test cases,
help debug code, and more.

Professional software engineers have rapidly adopted LLMs. The first generation of
LLM-powered tools were autocomplete tools that provided rapid, inline suggestions to
developers as they write code (GitHub, 2021, Weiss and Yahav, 2013). These are now in
widespread use, and several studies indicate that most professional developers find them
helpful (Dunay et al., 2024, Vaithilingam et al., 2022, Ziegler et al., 2022). LLM-powered
suggestions are flexible, and many developers quickly learn to use them in different ways,
ranging from helping them write code faster (“saving keystrokes”) to helping them rapidly
understand unfamiliar tasks and explore unfamiliar APIs (Barke et al., 2023, Nam et al., 2024).
Looking ahead, we anticipate that most software engineers will be expected to know how to
leverage LLMs to accelerate their work.

Understanding and adapting code are essential skills. However, LLMs do not eliminate the
need to read and write code. A well-known limitation of LLMs is that it is up to developers
themselves to check that an LLM’s response meets their expectations for code correctness,
security, readability, and so on. In the most general case, the need to have developers vet LLM
responses serves as an implicit “speed limit” on how fast an LLM can write code. Today,
LLM-powered inline suggestions typically do not produce more than a few dozen lines at a
time, which allows an experienced developer to vet LLM-generated code relatively quickly.
However, a system that generates thousands of lines of code at once and requires hours of
testing and code review would be unlikely to gain traction (Yahav, 2022). For the foreseeable
future, we expect that software engineers will still need to be able to read and adapt
LLM-generated code. In fact, being able to rapidly read and understand code is more important
than ever.

LLMs can help software engineers understand code better. Nevertheless, there is significant
research and development on systems and interfaces to facilitate vetting LLM-generated code.
One approach is to highlight regions of LLM-generated code that are more likely to require
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review than others (Vasconcelos et al., 2024). Another approach is to use LLMs that explain
their reasoning, which many conversational models do, or engage in discussion with an LLM
about generated code (Ross et al., 2023). Finally, an interface that shows developers how the
generated code manipulates program values (Ferdowsi et al., 2024) can help them understand
LLM outputs faster. The latter work points out two problems: a developer may fail to detect a
problem in LLM-generated code, or may discard LLM-generated code that is in fact correct.
Interfaces for vetting aim to address both problems. Moreover, an LLM can also explain
human-written code, and help a developer more quickly understand an unfamiliar codebase.
We believe there is much more research and development needed on how software engineers
interact with a variety of LLM-powered tools to fully realize the gains that are possible.

Certain software engineering tasks are very amenable to LLM automation. For example, an
LLM can write developer documentation. Documentation that is slightly wrong or needlessly
wordy, is likely better than no documentation at all. Software testing, which takes up a
significant portion of software development time, is often amenable to LLM-based automation
(Deng et al., 2023). There are established metrics for test suite quality that can be applied to
LLM generated tests (DeMillo et al., 1978). Moreover, it is possible to build systems that use an
LLM in a loop to automate the process of discarding failing tests and building a diverse set of
tests (Schafer et al., 2024). Moving beyond test generation, LLM-powered systems can also
accelerate the debugging process (Bajpai et al., 2024). LLM-powered test generation is starting
to be deployed at scale (Alshahwan et al., 2024), and we expect the technology to become
more widely available.

Data science tasks are being automated by LLMs. A data analysis or data cleaning task may
require writing code, but typical errors may be obvious from spot-checking the output. The
developer can also test LLM-generated code using test datasets that they are intimately
familiar with, before applying it to novel data. LLMs are already having a significant impact on
these kinds of data science tasks. For example, significant effort is going into the problem of
generating SQL queries from natural language, with progress driven by benchmarks that cover
dozens of domains (Li et al., 2023). LLMs are also proficient with widely used Python data
processing and graph plotting libraries (Lai et al., 2023). This makes it possible to build tools
such as ChatGPT Data Analysis (Agarwal et al., 2023), which uses an LLM to generate code,
executes it in a sandboxed environment, automatically displays charts and tables, and
supports several file formats. The user can inspect LLM-generated code if needed, and the
system automatically prompts the LLM to revise its code when certain errors occur. LLMs are
likely to have significant impact on programming tasks where the code is secondary and code
output is amenable to spot-checking.
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There is also significant interest in using LLMs to solve open-ended software development
tasks. Towards this goal, there is work on LLM-powered systems that try to solve real-world
bug reports and have to navigate repositories with several hundred thousand lines of code
(Jimenez et al., 2023, Xia et al., 2024). The systems that try to tackle these tasks use LLMs in
several parts of complex pipelines that may involve automatically interacting with the terminal,
examining the results of test execution, or browsing documentation (GitHub Next, 2024, Wang
et al., 2024, Xia et al., 2024). Although the stated goal of some of this work is to develop “Al
software engineers”, there is a significant gap between what these systems and human
engineers can do. For example, new software engineers are onboarded to understand existing
processes and unwritten expectations; they ask questions when requirements are unclear; and
they communicate about their work at different levels of abstraction for different audiences.
Although these technologies are at a very early stage, we expect these “software engineering
agents” to grow more capable, especially as LLMs become cheaper to operate.

LLMs are rapidly becoming cheaper to operate and can now run locally. Some of the more
sophisticated applications discussed above are costly because they require several rounds of
interaction with LLMs. Whereas the frontier of model development appears to involve
developing larger models, there is also a significant amount of effort being put into making
smaller models more capable. Research groups are rapidly releasing smaller models that are as
capable as slightly older models that were orders of magnitude larger (Ben Allal et al., 2024,
Gunasekar et al., 2023). There is also significant work being put into making LLM inference
more efficient (Dao et al., 2022, Kwon et al., 2023), which makes both large and small models
more cost effective. Both PC and smartphone operating systems are now being released with
support for Small Language Models (SLMs) that run on-device, which helps allays concerns
about data sharing. We can expect new use-cases to emerge as the cost of LLM inference
continues to fall and the capabilities of SLMs improve.

Large Language Models in Computing Education

Some courses are being reimagined to leverage LLMs. Instructors have many perspectives on
when and how to use LLMs in the computing curriculum (Lau and Guo, 2023). Many instructors
need to carefully consider how student use of LLMs fits with the goals of their course,
especially if unrestricted use of an LLM may circumvent student learning. On the other hand,
they also present an opportunity to rethink course goals, including the goals of a CS1 course
(Vadaparty et al., 2024). A course that allows students to use LLMs can be more aligned with
software engineering practice, may allow students to build more sophisticated software, and
may allow the course to cover content that would otherwise not be possible. Moreover, today’s
state-of-the-art LLMs can perform certain teaching tasks, such as giving feedback on buggy
code or grading simple programs, nearly as well as expert teaching assistants (Phung, et al.
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2024). We should expect that many students will enter college with some prior experience
using LLMs. As a result, courses cannot ignore them but will have to explicitly address how
students should use LLMs to support learning, and how to leverage non-chat modalities that
are common in software development.

Students need to be taught how to use LLMs. It is clear that teaching students to successfully
work with an LLM requires emphasizing a different set of skills than a traditional CS1 course. In
a traditional course, students spend a significant amount of time learning how to write code,
which includes learning syntax, learning to debug errors, learning good style, and so on. A
student with an LLM may be able to spend less time on these code writing topics, but now
needs to learn other skills, such how to read and evaluate code they did not write; how to
decompose large problems into smaller problems that an LLM can reliably solve; and how to
test code for correctness. These are fundamental programming skills that all computing
professionals need, but many CS1 courses have historically not had the time to cover them in
depth, and these concepts are instead introduced later in most curricula.

It is clear that programming with an LLM requires technical skills. LLMs offer a natural language
interface to computer programming, but without training, many students struggle to prompt
them to write code (Nguyen et al., 2024). Writing prompts requires technical, software
development skills (Guy et al. 2024), but the natural language interface to LLMs can leave
novice programmers with an illusion of competence, which requires careful scaffolding to
overcome (Prather et al., 2024).

For many computer science students, being able to write code without LLM assistance remains
important for a career in software engineering. There are enough specialized domains where
LLMs are not known to be effective, and employers that do not allow their developers to use
LLMs today. On the other hand, many students learn to code as preparation for careers that
are not in software engineering. Many of these students learn to code in classes for
non-majors, summer programs, or are self-taught. These students typically do not write
production software that is deployed to customers. Their coding may be limited to writing
scripts to analyze data or making modest changes to existing code. Many institutions have
developed interdisciplinary curricula to serve these students (Barr et al., 2024), and LLMs have
the potential to significantly reduce the friction that comes from trying to integrate teaching
computing with other fields. There is more research needed to better understand the impact of
LLMs on computing education, and how curricula should adapt so that the technology can be
beneficial to all students.

The capabilities of LLMs continue to expand. In every educational context, there are challenges
with using LLMs effectively. A fundamental problem for educators is to teach students an
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effective mental model of LLM technology, so that they know when the LLM can and cannot
help them. This mental model is difficult to develop because the technology is changing very
rapidly. Moreover, researchers fundamentally have an incomplete picture of the capabilities of
LLMs: new capabilities and limitations are sometimes discovered in models months after they
are developed. The rapid pace of LLM development underscores the need for investing in
curriculum development to keep students current.

Students and educators need to have access to LLMs. Without affordable access to LLMs,
neither students nor educators can learn to use them effectively. The most capable LLMs today
require subscriptions that may be unaffordable for many students. Fortunately, both free
cloud-hosted and locally-hosted LLMs continue to improve significantly. Local hosting offers
stability: an educator can choose when to upgrade to a better LLM, or even deliberately use an
older LLM to avoid continuously adjusting their curriculum. However, local hosting requires
cutting-edge hardware, which can be more expensive than commercially hosted APIs.
Educators and university administrators need to understand the tradeoffs between the different
ways to access LLMs.

Conclusion

LLMs have already had a significant impact on how software is developed in practice, and
students need to be prepared for careers that require expertise in LLM technology. The faculty
who train students for careers in software may benefit from professional development
programs to help keep up with these changes in software engineering.

How software engineers interact with LLMs is also rapidly evolving. Researchers are
developing increasingly capable multimodal LLMs that can, for example, reason about graphs
or screenshots. Researchers are also developing new interaction modes that go beyond the
traditional chat interface and text autocomplete.

These rapid advances can make it hard to design long-lasting curricula. Although commercial
providers rapidly update their platforms to the latest models, education will benefit from the
availability of good LLMs that remain unchanged for a few semesters. A platform that
guarantees stability would allow faculty to iteratively develop course material.

However, faculty and students should also be aware of the frontier of LLM-powered
technology. Unfortunately, the most capable models and LLM-powered tools require
subscriptions that may not be universally affordable. Institutions and technology companies
should work to ensure that all computing students can learn to leverage these technologies.
One way to keep up with the frontier of progress in LLMs is to facilitate deeper communication,
exchanges, and joint appointments between academia and industry.
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