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Figure 1: Participants engaged in co-creating computational graphics with the help of generative machine learning

ABSTRACT
This paper presents a study of a group of university students using
generative machine learning to translate from natural language to
computer code. The study explores how the use of the AI tool can
be understood in terms of co-creation, focusing on the one hand
on how the tool may serve as a resource for understanding and
learning, and on the other hand how the tool affects the creative
processes. Findings show how the participants search for a ’correct’
syntax in their instructions to the machine learning tool, and how
the inconsistent and erroneous behavior can work as a way to
generate clues and inspiration for generating creative expressions.
The notion of friction is used to describe how systems like this can
serve to both lower thresholds for programming, and also interfere
with the creative processes, encouraging reflection and exploration
of alternative solutions.
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1 INTRODUCTION
In digitally mediated creative practices, such as interaction design
and various forms of digital fabrication, smart or intelligent tools
are becoming increasingly common to support the design process.
This development aligns with conceptual developments in design
research around notions such as post-anthropocentric [13] and post-
human design [37], co-performance [20], more-than-human design
[17], and machine agency [28] which all suggest a reconsideration
of the view that humans should be viewed as the only source of
creative agency, to instead see various forms of interactive and
digital technologies as having the agency to spur ideas or form a
creative expression. With recent developments in AI and generative
machine learning [12] these forms of co-creativity become even
more topical as several of these technologies are explicitly designed
to act as or resemble intelligent forms of co-actors, for instance
in producing various forms of fictional text, presentation material,
or programming code. In this paper, we present a study of how
a system for AI-generated programming code can co-exist with,
and be put to use in a higher education programming course for
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interaction designers. In the study, the GPT-3 based Codex tool
[10] for generating programming code based on natural language
descriptions was introduced to a group of students attending a
course on creative programming in interaction design. The students
were asked to use the tool to work with assignments similar to those
that they had worked with previously during the course. They used
the tool to produce code that formed creative graphic expressions
and animations. The activity thus represents a form of co-creative
design activity between participants and the AI-based tool.

The study investigates questions concerned with co-creation in
the particular context of learning programming as a tool for creative
expression and design. Our findings shed light on a) traditional
obstacles of programming such as syntax and coding errors in
relation to the AI tool, b) how the participants perceived the relation
to the AI tool and its role in designing their creative expressions, and
c) how different framings of the AI-tool affect the understanding
and interpretations of the system behavior. To frame the challenges
and sometimes contradicting ways that the AI system affected the
processes of creation and sense-making among the participants,
we use and extend the notion of friction [11, 21]. This allows us to
consider the system both as a tool for learning to program and as a
co-participant in a creative process.

2 BACKGROUND
2.1 Generative machine learning
Recent development in AI research targeted at generative machine
learning, or Generative Adversarial Networks (GAN) [12] has led
to enormous improvements in the ability to generate original com-
puter generated content. GAN-technologies have been used to gen-
erate images, audio and text in numerous contexts, for example
realistic images of people that do not exist, and images based on
textual descriptions. What has been particularly successful is the
generation of textual content, primarily in the field of Natural
Language Processing (NLP), but also to generate other forms of tex-
tual content such as structured datasets, website layouts, database
queries, LaTeX equations, and not the least, programming code.
Several successful generative machine learning systems for natural
language processing (NLP) have been created in the last few years.
The study that is presented in this paper makes use of a machine
learning model called GPT-3 [7], developed by the company Ope-
nAI. The GPT models are based on unsupervised learning where
a very large neural network is trained with massive amounts of
unstructured textual data scraped from the internet. GPT-3 has
been described as a "few-shot learner" [7], meaning that it is highly
versatile and can be adapted to a broad range of different domains,
by just providing a few additional training examples that direct the
model in a particular direction.

For this project, we are particularly interested in the ability of
these systems to interpret and translate natural language into work-
ing programming code. This means that you can ask the system
using natural language to produce programming code that per-
forms particular functions, such as simple cases of drawing a circle,
as well as more advanced programming expressions. This partic-
ular functionality is enabled by a variant of GPT-3, that goes by
the name Codex [10]. The GPT-3 Codex has been trained on mas-
sive amounts of examples of programming code, from large online

code repositories like GitHub. The GPT-3 Codex can thus perform
tasks such as translating between different programming languages,
translating from natural language to almost any programming lan-
guage, or providing natural language explanations of code snippets.
The complexity of the generated code is however limited in how
well it translates natural language expressions into working and
useful code.

2.2 Co-creation in design and programming
The idea of computers generating content in collaboration with hu-
man designers has existed for a long time. The notion of computer-
aided design (CAD) and the first CAD-software tools were created
already in the 1960s, to support and automate parts of the design
process. Albaugh et al. [1] discuss CAD-systems as an example
of a set of tools that can be categorized as "time saving systems"
aiming at shortening the time or expertise required for each de-
sign iteration by delegating repetitive or time-consuming work to
the machine, giving the users more space to focus on the creative
aspects of design. A development of computer-aided design is the
field of generative design [27], which often refer to tools or prac-
tices where algorithms are used to create design variations or to
optimize existing design solutions. This approach is mostly used
when working with 3D-models, within for example industrial de-
sign and architecture, where the models are modified by changing
a set of predefined parameters. A branch of generative design is
grammar-based techniques, where complex forms and patterns can
be automatically generated from simple specifications [9]. Such
an approach was for example used in work by Anderson et al. [4]
where generative design was used to let novice users design elec-
tronic circuitry. Here the generative design functionality provided
alternative suggestions for functional circuits based on high-level
descriptions from the users. A majority of this type of computer
aids supports design and creativity by lowering thresholds for par-
ticipation by automating complex tasks, but they have also been
used to support the exploration of a design space by providing
examples of possible variations to new solutions, that can serve as
inspiration for design [25].

Co-creation in relation to programming and programming educa-
tion is also a fairly well-explored area, even if not often talked about
in these terms. There are numerous tools designed to support and
simplify various aspects of programming and programming practice.
You could also consider the design of the programming languages
themselves as creating support for co-creation between human and
computer. A fundamental principle in computer programming is
the use of abstractions and high-level representations. In high-level
programming languages, hardware-specific commands are replaced
with textual commands and a syntax that more or less builds on
a formalized natural language syntax. There have been several at-
tempts to create support for programming in natural language, for
example by Miller already in 1981 [26], and later by Price et al. [30]
These early examples however require that that the user adheres to
a pre-defined syntax. This differs from the GPT-3 based system used
in this paper, which is not restricted to a particular syntax or set of
commands. Another strand of research and development concerns
computer supported programming, where the computer provides
"smart" support to the programming activity, such as finding ways
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of providing automated feedback and repairing erroneous code to
students learning how to program [39]. Another common form of
support that is built into most IDE:s is code completion, where the
editor can provide suggestions for how to complete a command or
a set of commands, based on the input from the user.

2.3 Post-human perspectives on co-creation
The conceptual underpinnings of this paper rely on theories of the
interplay between human and machine with a broad foundation
in the research field of Human-Computer interaction, but with a
particular focus on post-human theories, and the recent articula-
tion of post-human design [13, 38]. This connects to the broader
conceptual conversation in HCI on material and machine agency
[3, 5, 17, 28, 33, 35] as being shared or distributed among humans,
machines, and artefacts, and the reconsiderations of processes of
design and interactivity that these imply. At its core, post-human
perspectives on design rejects the traditional dichotomies between
humans and machines in favor of a perspective on design in which
humans and machines are considered to be co-creators in processes
of ideation, design and making. These theories put to the fore how
human agency must be understood as entangled with agencies that
stem from non-human entities, e.g. as extensively elaborated in
notions such as agential realism [5] and machine agency [28]. Of
particular relevance for the present work are studies that question
traditional categorizations of programming and creativity as rely-
ing on step-by-step models as going from design ideas - to digital
representations - to machine execution, and instead view humans,
materials, and machines as working in conjunct in co-creative and
co-performative ways.

We argue that artificial intelligence systems are particularly
interesting to explore as a form of non-human co-performer as they
display properties that resemble those that would be ascribed to -
or expected by - human actors, such as problem-solving and natural
language interpretation. An important strand in post-human and
post-anthropocentric interaction design has explored notions that
challenge common expectations of AI systems to work as rational
predictable actors, such as uncertainty [24], imperfection [18, 34,
36], and under-determination [1], and the consequences these have
on the way we conceptualize and design tools and methods for
these practices.

3 STUDY SETUP
The study was integrated into an ongoing course in Creative Pro-
gramming for third-semester students in a bachelor’s program fo-
cusingmainly on user experience and interaction design. The course
is a six-week full-time course aiming at teaching the foundations
of programming using javascript in a creative context, aiming for
the creation of audio-visual and interactive expressions. The course
makes use of the programming environment Processing and the
javascript library p5js which is tailored for creative programming
practices and commonly used by artists and other non-professional
programmers. The study was presented in the fifth week of the
course as a voluntary workshop on "programming with AI". 21
students chose to participate in the study, which was about half
the class. The workshop lasted for two hours and consisted of an
introduction to the AI tool, followed by independent work with

the AI tool to produce code, and finally, a follow-up focus group
interview.

The tool that the participants used was the OpenAI "playground"
tool that allows for interaction with the GPT3 based models. For the
study the Codex (davinci-codex) model was used, which is specifi-
cally trained to generate programming code. After being introduced
to the tool, the participants were presented with two tasks to work
with: First, they were asked to draw an ace of diamonds on the
screen - a well-defined and seemingly simple task, that however
hides some complexity related to rotating objects. The second task
was the main activity in the workshop, and here the participants
were asked to create a visually interesting expression - a task that
was similar to some of the assignments theyworkedwith previously
in the course. To support these tasks, the participants had access to
a few "presets" in the playground tool. These presets consist of a few
lines of code providing example prompts to the GPT-3 model provid-
ing so-called ’few-shot learning’ [7] examples, giving hints of the
kind of output that are expected. In this case the presets consisted
of link to the p5js javascript library followed by a simple program
that draws a circle and a rectangle on the screen. The presets ended
with a natural language description of what kind of expressions the
tool should generate. In the first preset this line read: "Replace this
line with instructions that makes the AI draw an ace of diamonds",
as depicted in Figure 2. After each task, the participants were asked

Figure 2: Screen capture of part of the OpenAI playground
window (from openai.com) showing the preset text that was
used in the first part of the study. The final line in Swedish
translates to: "Replace this line with instructions that make
the AI draw an ace of diamonds"

to write down their reflections on a number of questions about their
experience, and after the final task also provide the final code they
ended up with as a representation of "an interesting expression".
The session ended with a group interview where the group was
divided into two halves and asked to reflect on their experiences
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based on some open-ended questions. The data that was collected
and analyzed consists of, on the one hand, video recordings of the
activities in the workshop and of the concluding group interviews,
and on the other hand of the material from 13 projects that were
handed in at the end of the workshop, consisting of programming
code and written reflections to the questions described above. In
the results section below, quotes from these answers refer to the
respective projects as P1-P13. That the 21 participants resulted in 13
hand-ins was due to that several participants chose to work in pairs,
and that a few participants decided to not hand in the material at
the end of the workshop. Transcriptions of the data were analyzed
using open coding and thematic analysis.

4 RESULTS
Of the 13 projects handed in after the workshop, 12 projects con-
tained working executable code, and are depicted as screenshots in
Figure 3. All but one of the artworks (P10) were animations that
changed their appearances over time. Three of the artworks (P1,
P7, P13) were interactive, reacting to mouse input. Neither the in-
structions in the assignment nor the preset examples mentioned
animations or interactivity as explicit aims of the assignments.
Throughout the workshop, the participants worked iteratively by
using the Codex system through natural language expressions to
generate javascript code representing those expressions, for in-
stance, "draw two red squares in the bottom half of the screen".
The Codex system would in most cases output syntactically correct
code snippets that adhered to the format that was provided in the
preset examples. The participants would then copy the generated
code into a separate programming IDE where they could execute
and try out the code, and modify it if needed. From the participants’
accounts, we saw that manual modification of the code happened
to a limited extent, and thus, participants primarily engaged in ex-
plorations of various natural language formulations for instructing
the Codex system.

4.1 Inconsistencies and errors
Even though the Codex system throughout the workshop almost
always provided syntactically correct and executable javascript
code, the output commonly did not correspond to the participants’
initial expectations or intentions. In many cases, the output was far
from what they were aiming for, as illustrated by this quote: "I only
got flawed code. It had a hard time following simple instructions like
’draw 2 triangles that are mirrored on the x axis’ sometimes it was
stuck with some of the instructions in a test so it wrote 13 copies of the
red triangle and it looked like it wanted to continue with that " (P3).
In other cases the output was more in line with what they aimed
for, as illustrated here: "For the most part, the code understood what
I wanted it to do, but I also commonly got it half right. An example of
this was that I asked for figures that change both color and size. At
first I only got figures in different sizes, but after reformulating the
sentence, it worked." (P6)

In general, the participants expressed that they found that the
system performed better when asked to draw basic shapes like cir-
cles and squares, and less well when asked to draw more complex
things. For instance, "it failed to draw things like bike, or a face, but
managed to produce a fair representation of ’a mountain, using lines’,

see Figure 4. The participants commonly talk about the generated
output in terms of being "correct" or "incorrect", or making "right"
or "wrong" interpretations of their natural language instructions.
Typically they would express themselves similar to this example:
”The code that was generated was incorrect since I gave it the instruc-
tions to ’draw a red square on 70 degrees’ but what came out was a red
triangle that wasn’t tilted” (P1). This view of how the Codex system
interprets user instructions is based on a traditional algorithmic
model where certain instructions correspond to specific reactions
by the system. Interestingly, this is quite far from how the Codex
system works and not how it was described by the instructor at
the beginning of the workshop. Instructions to the system do not
require following a specific syntax, but can be of an open-ended
natural language character.

In many cases, the Codex system would also provide a different
output if run twice with the same instruction. This kind of inconsis-
tencies and unpredictability was often experienced as frustrating
and confusing by the participants, but it also led them to explore
modes of interaction with the system where they would repeat the
instructions until they got a satisfactory output, as illustrated in
this quote: "At first the generator would not give me the right code
and forgot to sketch the ellipse. I gave it another try and it worked."
(P9)

These examples of perceived misinterpretations and inconsis-
tent behaviour bring along questions regarding how this kind of
system should be framed within the context of programming as a
creative practice. Considering the artificial intelligence system as a
co-participant in a creative process, it would not be surprising if the
same query would render different outputs, just like interactions
with other participants would not always unfold in a predictive
manner. Concerns about what should be considered a correct or
incorrect response thus rely on the point of view that the system
is looked upon, as an active contributor to the creative process or
as a tool that would be expected to respond in accordance to the
users’ instructions.

4.2 Instructing the system and expectations of
syntax

One of the most commonly recurring accounts from the partici-
pants concerned that they assumed that the instructions provided
to the Codex system - such as ”draw a yellow circle” - required
a certain ’syntax’ in how they would be formulated to achieve
the desired output. This involved an assumption that to get the
results that you want from a particular query you would need to
formulate it syntactically correct, similar to that of a programming
language expression. "The code changes and is extensively affected
by small edits in the formulations, so it is very sensitive to errors" (P5).
Consequently, the participants put significant effort into finding
what they hoped would be the ’correct’ formulation of the query
that would lead to the intended outcome. A central aspect of how
the participants used the Codex system concerned exploring what
would be a working language to use in creating formulations that
would lead to the generation of pieces of code that could be useful
in designing their expressions. In the interviews with the partici-
pants, they said that they tried to adapt their instructions according
to what they figured "the AI" would understand. These queries
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Figure 3: Image artworks generated by the participants in the workshop. A majority of the sketches were animated and some
of them were also interactive, reacting to mouse movements. P2 is omitted since the project did not contain any working
programming code

Figure 4: An early attempt at creating an expression by ask-
ing the system to create a ’mountain using lines’, resulting
in a triangular shape resembling a mountain, but also a set
of (not asked for) animated vertical lines

ranged from everyday natural language expressions such as “Could
you draw a nice yellow circle”, to more formal expressions such as
“draw circle yellow”. These attempts involved making assumptions
regarding the boundaries of what they figured that the system could
understand and what pieces of code that the system was capable of
producing.

These accounts resonate with previous research on interactions
with voice-based conversational agents, such as a study by Luger
and Sellen [22] where they found that the users of such systems
systematically tested appropriate speech syntax in order to ’speak
its language’ and to create a dynamic mental model of its’ capabili-
ties. Additionally, these accounts also mirror Luger’s and Sellen’s

identification that "When learning to use their CA, all participants
described making use of a particular economy of language", where
their participants dropped words other than ‘keywords’, reducing
the number of words used, and searching for the most specific
terms. These results are very similar to accounts that commonly
appeared in this study, such as: “Sometimes it requires that you use
a simplified language in order for it to understand” (P2). A quote
from another participant highlights expectations that the system
should be able to understand and interpret the underlying intention
of different sentences with similar meanings: "I can safely say after
testing several phrasings that the result totally depends on how the
sentence is formulated and how the computer generates code from
that. Several times different sentences but with the same meaning
resulted in different outcomes. I think that you have to find "code"
words, i.e., the words that the system can understand and write based
on that. To identify a pattern" (P11)

In the post-activity interviews one participant accounted for the
struggles to get one particular feature to work by experimenting
with different wordings, concluding that "on the time you spend
figuring out what you need to say to it, you can just code it yourself."
These various accounts pinpoint some of the central challenges in
the use and design of a system that should work as a co-participant
that should render nuances and interpretations to a creative process
that goes beyond amere syntactical reading of an instruction, and at
the same time being predictable and to some extent understandable
in the output it generates.

4.3 Creative, generative, and conversational
use

When looking at what role the Codex system played in the creative
and explorative parts of the activity, some interesting perspectives
can be identified. Some participants for example point out that the
system promotes creativity by taking care of some of the difficulties
of programming, leaving more room to focus on the end result, as
in the following quote: "In my case it was an effective tool as I have
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limited programming skills, which in turn limits what I can produce,
creatively in this kind of tasks. So therefore it has been an effective
way to promote creativity" (P11). A similar quote brings to the fore
how the system may be useful to realize creative ideas: "...when you
know in your head how you want to design something but you can’t
really pinpoint how to write it yourself" (P11).

While some participants approached the Codex system as a tool
to be used to simplify or speed up the coding process, others treated
it in a more ’generative’ and open-ended fashion. Adopting such a
generative approach involved using the system to create pieces of
code based on a more loosely defined idea. Such use largely took the
form of a conversational process, in which the systemworked as a co-
participant in a collaborative process of developing the idea, rather
than as a tool that would serve a more well-defined purpose. In such
generative use, the joint actions of both participants and system
would constitute the shaping of a shared idea. These conversations
involved manipulation and tweaking of the generated code in order
to shape a creative expression. This entailed iterative processes of
using the Codex system to generate code that was manipulated
in subsequent actions of code generation and code manipulation
in order to solve the task. This kind of use was mirrored in the
participants’ reflections: “Sure, the code was useful in solving the
problem on your own, it provided hints as to how the task could be
solved.” (P1) or ”when you only have a rough idea of how to design
something, but really cannot put the finger on how to write it yourself.”
(P11)

This kind of conversational use was also reflected in how some
participants approached the exercise in amodular fashion. Typically,
they would create snippets of code that would contribute to solving
various parts of the expression they wanted to create. Programming
here largely became about experimenting with and manipulating
the instructions to the system, and also to some extent tweaking
the actual code that was generated. For instance: ”It gave many
different idea suggestions and interesting expression that it created on
its own based on vague instruction. Lots of inspiring proposals that
could be used to to complete/extend/build a foundation for ones own
code” (P7) This experimental and conversational approach could be
understood in terms of having a conversation with the material [32],
where the material can be attributed with certain agencies [14, 35]
that shape the interaction.

As has been noted previously, the system often generated seem-
ingly random output, that was not at all in line with the users’
intentions, such as in this answer to a question about whether the
generated code was correct or flawed: "Both yes and no, yes because
we actually got something working, but no because the expression
wasn’t what we had in mind. It did not recognize the shapes we wanted
to use but generated circles or triangles instead” (P4). Sometimes this
partially random behaviour however led to interesting results, that
in some cases were perceived as having qualities that exceeded the
intended results: "I can’t say that the final became a unique expression
but in an earlier stage when I randomly typed in a sentence that was
generated by the AI it became a unique expression with rotating circles
that changed color and created a lively pattern which thereafter could
have been developed even more" (P11). In the post-activity interviews
the participants noted that the Codex system would "contribute to
a lot more creative solutions through its randomness". If we continue
the framing of creative design as engaging in conversations with

the material, parallels can be made with how Devendorf et al. [14]
talk about how non-intuitive technologies and unpredictable and
’stubborn’ design materials forces the user to negotiate her goals
with the machine. However, some participants also raised the issue
that the system merely generated a bunch of “weird stuff” without
any concrete connection to the desired expression. This points to
the necessity of considering the boundaries between experiencing
the system as working in an almost random fashion vs seeing it as
a co-actor that generates potentially useful ideas.

Another dimension that is commonly put to the fore in research
on generative design, concerns aspects of originality and authorship
[25], which here is expressed in terms of to what extent the partici-
pants saw the resulting expressions as authored by themselves or
by the AI system. Here the opinions differ with respect to whether
the participants viewed it as their own expressions, such as in this
quote: "I still think that it became like my own expression since it
made everything like I told it. And also since I understand the meaning
of the code" (P8). Or if the AI system is the primary source behind
the expression, such as in the following: "The expression I finally
ended up with was to the most part the AI’s. I wrote ’fill the canvas
with lines’ it was the computer who drew the lines in different sizes
and placed them in this pattern. I never gave any specifications so
this was the computer" (P10)

4.4 Support for reflection and learning
In the post-activity group interviews, the participants were asked
to reflect on how useful tools like this could be for learning com-
puter programming. On this note, one participant argued that the
tool helps you not to get stuck in finding the exact programming
language syntax, which makes the learning activity more enjoyable.
As the system would always provide a potential starting point, it
might be easier than to merely start from a blank slate. Others
agreed that it is a potentially useful tool for novice learners, as you
can have an experimental approach where you generate code that
you then can modify and change on your own. As noted by one
of the participants in the concluding interviews: "It provided clues,
it does not always give perfect code, but still some kind of working
suggestions. It provides clues on how to structure things and what one
would need to learn more of.". Another participant compared work-
ing with the tool to how you work with pseudo-code in ordinary
programming education, but where the tool allows you to quickly
generate working code from the pseudo code, and that going back
and forth between these is beneficial to learn the programming
code syntax. A common view among the participants was however
that the system’s inability to correctly interpret the user’s inten-
tions was not beneficial to the learning situation. One participant
framed it as for it to work in this context "...it has to be flawless
so that it won’t generate code that does not contribute to what you
try to achieve otherwise there is a risk that you learn it wrong." And
another participant put it like: "It spits out so much and so random
things... and as a beginner you think that these things are related to
what you wrote"

Despite the participants’ view that the unreliable behavior of the
system is problematic in educational settings, we could also see that
these inconsistencies and flawed behaviour afforded a potential for
reflection and learning. During the workshop session, there were
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many occasions where the participants struggled with not getting
the result theywanted, andwhere they had to closely investigate the
generated code to see why it did not work, and how to potentially
change it. We saw several cases in which participants scrutinized
the generated code and said that it acted weirdly, since according
to their interpretation it looked like it should. For instance, two
participants tried to rotate a square 45 degrees by using the function
”rotate(45)”, but the code did not execute as expected. This confused
them as they were quite convinced how “rotate” should work. They
continued by experimenting with different numbers based on the
errors of their initial trials, to figure out the correct usage of this
function.

One could see this as encouraging a form of reflection in action
[32], by creating an explorative situation of learning-by-doing and
tinkering, [31] where activities of code generation is intertwined
with activities of interpretation and meaning making. As noted by
several participants in the interviews, for this kind of interpretative
activities to become meaningful, a basic understanding of program-
ming is required: "I think that you have to know some programming
in advance, so that you know that here it made a mistake, and correct
it and take the things that are correct and use that". Ideally, the gen-
erated code should be a bit more advanced than the current level
of the student, (or in the zone of proximal development [15]), but in
the generative AI system used in this study, the level of complexity
of the generated code is difficult to control. As noted by one partic-
ipant: "Sometimes it gets really complex with nested loops with many
lines of code".

A final reflection with respect to learning concerns what the
introduction of these kinds of tools does for the motivation to
learn computer programming. As one participant puts it in the
interview: "If it generates the code for you, you are not motivated
to learn how to do it yourself". Given the rapid development of
AI in general, and generative machine learning in particular, it is
not unrealistic to assume that the performance of these types of
systems will increase. Here, one could argue that this paves the
way for entirely new types of programming practices based on
natural language interactions. So it might be a fair question to ask
from a student’s perspective, why do you need to know a particular
complex programming syntax, when you can just tell the AI system
what to create.

5 DISCUSSION AND CONCLUSIONS
The findings from the study show that there are conflicting views a
mong the participants on how to understand and use a system such
as this in the context of programming education, as well as on the
different ways it may aid the practice of computer programming in
a creative context. Traditionally, computer programming has been
framed as a form of problem-solving practice that resembles scien-
tific thinking, but more recently creative [6], embodied [19], and
craft-oriented [8] perspectives of programming have contributed
to a shift in this view. These bring up questions of how the practice
of programming should be understood in an interaction design
context and how a system that "co-creates" with the users should
be used and framed. Clearly, if the responses of the Codex system
are considered from the point of view of ’providing the code that
the participants asked for’, there are a considerable number of flaws

and inconsistencies in how it works. However, as reflected in sev-
eral accounts of the participants and as shown in previous work
on post-human design, uncertainty, inconsistencies, or ’random-
ness’, (e.g.,[24, 34]), the responses of the Codex system contributed
to opening up for creativity and novel design ideas. Thus, when
viewing this form of interaction as a co-creative or co-performative
activity, the outcome cannot be determined based on a literal inter-
pretation of how the participants initially expressed their ideas, but
as a shared expression that unfolds in the interaction between user
and system. In the following sections, we will discuss the findings
in relation to three broader themes relating to co-creation with ar-
tificial intelligence: 1) learning to ’speak’ the language to creatively
use the system, 2) co-creation as a process of reducing or inducing
friction, and 3) managing user expectations by considering how the
system is framed within the creative process.

5.1 Cracking the code
Our findings point in several directions with respect to how par-
ticipants perceive the usefulness and the value of this system. In
many of the accounts from the participants, they claim that the
success of getting their intended response from the system depends
on their ability to formulate sentences that the AI understands,
thereby suggesting that there is some kind of syntax that need to
be figured out as one becomes more experienced in using the sys-
tem. These accounts reflect research on voice-based conversational
agents such as Alexa and Siri, showing how users tend to adapt and
simplify their language in a way that is assumed that the system
understands more easily. These studies highlight how natural lan-
guage interfaces do not communicate their capabilities in the same
way as traditional graphical user interfaces. Instead, users bring
expectations of using natural language from other settings, most
commonly from interaction with other natural language speakers,
and adapt their interpretation of the system’s response based on
those [22, 29]. As noted above, while many participants became
frustrated that the system did not generate code that worked in
the fashion that they had foreseen, they also expressed value in the
open-ended character of the interaction with the system. The open-
endedness and unpredictability were thus interpreted positively
as well as negatively. However, even if there is a value in that a
system is not fully predictable - it might still be problematic when
users expect that they have to figure out particular syntax when
interacting with the system, when, in reality, there is none. As one
participant said, "it’s like a mysterious system where you have to
’crack the code’ in order to unlock the full potential of the system".

This particular mindset and understanding of the system can be
attributed to that machine learning systems like the GPT-3 system
used in this study can be described as ’black-box’ systems, where it
is inherently challenging to understand why the system behaves the
way it does. Contemporary guidelines for the design of AI systems
[2] generally strive for increasing the transparency of the system
by providing explaining what the system can do, how well it does it,
and why it did what it did. In the context of co-creation and creative
design it is however not obvious that it would be more beneficial
with a completely transparent system where capabilities and means
of communication are clearly articulated. The unpredictive and
inconsistent behaviour instead points to that the behaviour of the
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system could be understood in terms of animism, as articulated by
Marenko and van Allen [24]. In this context, animism should not be
confused with anthropomorphism, as it is not a question of suggest-
ing human-like capabilities and modes of communication. Instead,
animism refers to a form of interaction that fosters the unexpected
instead of prediction and linearity, and where conversations with
things, rather than about or to things, take place. So learning to
’talk to the AI’ from an animistic perspective is neither about con-
forming to a particular syntax, nor expecting a communication
that resembles that of another human. To ’crack the code’, becomes
a matter of learning to treat the interactions with the system as
contributions to a joint project of co-creation between human and
machine, appreciating what can be experienced as unpredictability
and inconsistency, rather than about unlocking what the machine
is exactly capable of.

5.2 Reducing or inducing friction
As noted by Albaugh et al [1], systems aiming for co-creation with
computers in creative contexts can be roughly divided into "time-
saving systems", and "time-deepening systems", where the latter
aims at disrupting or dehabituating an otherwise familiar practice,
and supporting creative reflection. One way of rephrasing this is
that the system may either reduce or introduce friction into the
activity." Friction has previously been used in interaction design
research for example by Laschke and Hassenzahl [21], where the
notion of friction is described as a design quality that can be used to
nudge users towards meaning-making and reflective use. Similarly,
Cox et al. [11], talk about friction in terms of microboundaries that
create obstacles, fostering a more mindful use of technology. Our
findings show how the Codex system to some extent served both to
reduce friction, by e.g. providing programming code with accurate
syntax that they could use as a starting point to explore an idea, but
also to induce friction, by providing code that performed differently
than the users expected it to, thereby challenging them to expand,
refine or rethink their idea.

Our findings show numerous accounts of how the Codex system
may fill an important role in reducing friction in creative program-
ming practices. Many participants highlighted that it was useful to
get a ’starting point’ through an automatically generated piece of
code that executes and is syntactically correct. Some participants
point out that this could be particularly useful for inexperienced
programmers. To reduce friction, it is important that the system
responds in a consistent and predictable way, and that it actually
produces code in line with the users’ expectations. From this point
of view, the partially unpredictable behaviour of the system does not
serve to lower friction, but was sometimes experienced to include
flaws that would need to be mitigated by clarifying the system’s
behaviour.

However, our findings also show how the creative processes
might also benefit from introducing friction into the process. This
becomes particularly relevant in cases where the designer has a less
well-defined or even vague idea of what the end result should be. In
such a case, the system would instead play the role of co-exploring
the design space and providing novel directions and resources in a
creative process. Our findings provide several examples where the
participants initially aimed for a particular expression, but where
the system did not render exactly what they had hoped for. Instead,

the system generated code with unexpected elements, a form of
friction, that forced the users to reflect on and reconsider their ac-
tions and intent. In many cases, this steered the design exploration
in new and often more creative directions. In the context of creative
design, this reflects work by e.g. [23], [16] and [1], which have iden-
tified how aspects such as ambiguity, inconsistency, uncertainty,
and randomness, may work as resources in a creative process.

These ways of experiencing the Codex system represent con-
flicting views on how creative work can be supported, either by
reducing or inducing friction. Understanding friction from these
views requires that designers find ways to balance aspects of au-
tomation with aspects of interference in the creative process. In
some cases, it is preferable for the system to more closely align
with the user’s literal articulations, whereas in other cases it might
be better if the system interferes or diverges from them in order to
expand or open up a design space. We argue that the concept of
friction can capture both these dimensions of using and designing
these kinds of systems and thus become a potentially useful concept
in the context of co-creation with artificial intelligence.

5.3 Framing the system - tool or co-creator
In line with post-human design perspectives, introducing systems
of this kind in creative practices such as interaction design and
programming involves repositioning the relations between humans
and machines in the creative process. In particular, as opposed to
viewing design and creativity with such tools as uni-directional
processes governed solely by the actions and intent of the human,
this requires that we consider the use of this kind of system as
engaging humans and machines in co-creative dialogues. As our
findings show, in a co-creative practice, we cannot assume that a
system such as the one used here generates well-defined ideas or so-
lutions, but rather these systems should be understood as creatively
contributing to the unfolding of the design process. By considering
creative practice from this point of view, we argue that we con-
tribute by challenging the idea of the designer as the sole source of
the ideas and intents that form a particular creative expression and
thereby, expanding the space for the creative potential of this kind
of tools. By framing the activities with this kind of tool in different
ways we can engage users in attributing various degrees of agency
to the AI tool [20]. From one point of view, the system resembles a
passive tool that just acts on the command from the user. If the user
asks it to draw a circle, it should draw a circle. Sometimes the sys-
tem will understand the commands correctly and produce a correct
response, and sometimes it will fail to do so. From another point
of view, the system can be viewed as a co-performer or co-agent,
which aligns with how GPT-3 systems actually work, referring to
what can be labeled ’few-shot learning’ systems [7], to which input
is provided, and then the system autonomously generates novel
output that is coherent with the provided input. From such a per-
spective, the issue is not to consider the behaviour of the system as
correct or incorrect, but rather an issue of to what extent the system
deviates from the original examples. Understanding the interaction
with these can be described through Kuijer’s and Giaccardi’s no-
tion of co-performance [20] to conceptualise the extent to which
artefacts are capable of performing and exerting agency together
with people. In contrast to notions of good or bad performance of a
technological artifact, this shifts focus to the contextually situated
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’appropriateness’ of the joint human and artificial performances. In
the context of this study, framing the interaction as a joint perfor-
mance, shifts focus from how well the system output aligns with
the user intention, to instead emphasize the resulting animated
expressions as a joint achievement between user and system.

5.4 Conclusions
In this paper, we have shown how the sometimes inconsistent and
imperfect behaviour of an AI-based system for generating program-
ming code provided various challenges for the participants engaged
in a programming exercise. However, it also worked as a creative
resource and as a means to encourage reflection on the solutions
that they were developing. To frame the challenges that a system
such as this might introduce, we use and extend the existing notion
of friction, as a way to address the need to balance the qualities
of automation with that of interfering in the creative process. We
believe that finding ways of dealing with these two aspects is cru-
cial to successful use of generative AI for co-creation in creative
settings. We stress the importance of framing when presenting
activities to users, that involve generative AI for co-creation. By
designing settings of use that involve a post-human design per-
spective, the users’ understanding of what can be expected from it
can be addressed, thereby putting generativity and unpredictabil-
ity at the core, rather than a well-defined query-response system.
Finally, our findings point to how in interaction with black-box
systems such as the Codex, experimentation with language and
syntax becomes a core part of the activity. In reflecting on the ac-
tivity, participants displayed an understanding of the use of the
Codex system as a matter of figuring out how to talk to the system
to get the response they looked for. This suggests that introducing
generative AI support for computer programming based on natural
language interaction, although it might relieve the programmers
from some of the struggles related to the syntax of the program-
ming language, also introduces new struggles with identifying or
inventing an effective ’syntax’ in the interaction with the AI-system
itself.
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