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Abstract 7 

Generative artificial intelligence has dramatically reduced the effort required to produce 8 
visual artifacts, intensifying questions about which human practices remain educationally 9 
valuable when computational systems can generate images almost instantly. Much dis- 10 
cussion of human-AI creative collaboration begins with text-based prompting. This con- 11 
ceptual paper argues that collaboration often begins earlier, while intentions are still being 12 
formed through observation, sketching, reflection, and other intermediate representa- 13 
tions. The framework developed here was motivated by reflective teaching practice and 14 
observation across repeated offerings of an elective course in art and design education. 15 
Classroom experiences are used as illustrative context rather than as evidence of causal 16 
effects. Drawing on embodied cognition, distributed cognition, distributed intelligence, 17 
and boundary-object theory, the paper conceptualizes sketches as evolving cognitive in- 18 
terfaces that externalize partially formed ideas, preserve productive ambiguity, and pro- 19 
vide reference points against which AI interpretations can be accepted, rejected, or re- 20 
vised. Two complementary models describe a sketch-mediated creative cycle and the 21 
broader distributed cognitive system in which that cycle operates. The framework sug- 22 
gests that the educational value of sketching may increasingly lie not in artifact produc- 23 
tion but in supporting intention formation, reflective judgment, human agency, and pro- 24 
ductive friction before and during AI interaction. The paper concludes with propositions 25 
for future empirical research on sketch-first and other representation-mediated forms of 26 
human-AI collaboration. 27 

Keywords: embodied cognition; distributed cognition; distributed intelligence; interme- 28 
diate representations; human-AI collaboration; art and design education; creativity; 29 
sketching 30 
 31 

1. Introduction 32 

The emergence of generative artificial intelligence has transformed creative practice. 33 
Tasks that once required substantial technical training can now be accomplished by way 34 
of natural-language prompts in seconds. This capability has generated both excitement 35 
and uncertainty within educational institutions. If students can produce compelling vis- 36 
ual artifacts without drawing, modeling, or painting, what educational purpose remains 37 
for these foundational practices? More fundamentally, what forms of human learning be- 38 
come increasingly valuable as intelligent systems assume greater responsibility for pro- 39 
ducing artifacts? 40 
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Much educational discussion surrounding generative AI has focused on academic 41 
integrity, assessment, prompt engineering, and responsible use. These concerns are im- 42 
portant, but they often imply that human-AI collaboration begins with a prompt. Within 43 
that view, the educational challenge becomes helping students formulate effective instruc- 44 
tions for increasingly capable computational systems. This paper explores a different pos- 45 
sibility: meaningful human-AI collaboration can begin before prompting, during the for- 46 
mation of ideas themselves. 47 

Creative work rarely begins with fully articulated intentions. Designers, artists, sci- 48 
entists, engineers, and architects often work through incomplete observations, tentative 49 
relationships, and provisional concepts. Sketches, diagrams, notes, models, and other ex- 50 
ternal representations do more than record thinking; they can participate in its develop- 51 
ment (Goel, 1995; Kirsh, 2010). Sketches are especially useful because their incompleteness 52 
can preserve ambiguity while ideas remain uncertain (Goldschmidt, 1991). 53 

This distinction becomes important in the presence of generative AI. Image-genera- 54 
tion systems can respond to articulated instructions and visual inputs, but the human pro- 55 
cesses through which intentions emerge still precede and surround those interactions. As 56 
AI accelerates artifact production, educational attention may therefore need to shift to- 57 
ward observing carefully, externalizing incomplete ideas, reflecting on emerging repre- 58 
sentations, and making judgments about computational suggestions. 59 

The framework proposed in this paper grew from a reflective teaching practice in an 60 
elective course on artificial intelligence in art and design education (Campbell, 2025). 61 
Across six offerings of the course, sketch-first activities repeatedly raised questions about 62 
how students formed intentions, evaluated AI outputs, revised ideas, and described own- 63 
ership of their creative processes so others could understand their collaboration with AI. 64 
These classroom experiences are not presented as a controlled comparison or as evidence 65 
that sketching causes particular learning outcomes. They serve instead as the motivating 66 
context for a conceptual question: How might intermediate representations shape human 67 
learning and collaboration in the presence of increasingly capable artificial intelligence? 68 

The contribution of this paper is a framework for understanding sketches as interme- 69 
diate representations within distributed human-AI creative cognition. The argument is 70 
not that sketching necessarily improves AI-generated imagery. Rather, sketching can give 71 
partially formed human intention an external form before AI contributes its own interpre- 72 
tation. This creates a representational space in which perception, reflection, ambiguity, 73 
computational generation, critique, and revision can interact. Although the discussion be- 74 
gins with drawing, the framework is intended to apply more broadly to other representa- 75 
tions through which humans think before and while collaborating with intelligent sys- 76 
tems. 77 

2. Conceptual Foundations 78 

The framework brings together four complementary perspectives. Each treats cogni- 79 
tion as more than the production of an internal idea followed by its external expression. 80 
Together they help explain why an apparently traditional practice such as sketching may 81 
acquire renewed importance in AI-assisted creative work. 82 

2.1 Embodied cognition and sketching as thought   83 

Sketching joins perception and action. A person observes, moves a hand, sees the 84 
resulting mark, and responds to what has become visible. Relationships may be discov- 85 
ered during drawing rather than fully specified beforehand (Suwa & Tversky, 2009). This 86 
is consistent with embodied approaches in which cognition emerges through interaction 87 
among mind, body, and environment (Varela et al., 1992). From this perspective, drawing 88 
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is not simply the transcription of a completed internal idea. The activity can participate in 89 
forming the intention that will later be communicated to an AI system. 90 

2.2 Distributed cognition 91 

Once a sketch exists, part of the developing idea persists outside the individual. It 92 
can be inspected, compared, annotated, discussed, and revisited. Distributed cognition 93 
describes cognitive processes that extend across people, artifacts, and environments 94 
(Hutchins, 1996). Human-AI creative work can therefore be understood as a cognitive sys- 95 
tem comprising the learner, intermediate representations, computational outputs, tools, 96 
peers, instructors, and the surrounding task environment. AI becomes a participant in this 97 
system rather than a replacement for the human processes that precede it. 98 

2.3 Distributed intelligence and intermediate representations 99 

Distributed intelligence emphasizes how artifacts and representations reorganize in- 100 
tellectual activity (Pea, 1993). Sketches occupy a productive middle ground: they are more 101 
persistent than an unexternalized thought but less fixed than a finished artifact. Their in- 102 
completeness allows ideas to remain revisable. Similar functions are served by mathemat- 103 
ical notation, engineering drawings, scientific visualizations, conceptual maps, musical 104 
notation, and computational models. The central claim of this paper is therefore broader 105 
than drawing: intermediate representations can become cognitive interfaces through 106 
which biological and artificial intelligences coordinate evolving work. 107 

2.4 Boundary objects 108 

Sketches can also function as boundary objects (Star & Griesemer, 1989). A single 109 
drawing can support reflection by its creator while also being interpreted differently by 110 
classmates, instructors, and AI systems. It remains stable enough to coordinate attention 111 
yet ambiguous enough to permit alternative interpretations. In human-AI collaboration, 112 
discrepancies among intended, sketched, and generated forms need not be treated simply 113 
as failures. They can expose assumptions, prompt clarification, or open a new conceptual 114 
direction. The value lies partly in making those differences available for judgment. 115 

These perspectives converge on a common idea: an intermediate representation does 116 
not merely carry information from a human mind to an AI system. It can reorganize hu- 117 
man cognitive activity while also altering the inputs and computational processes through 118 
which the AI system generates a response, providing a persistent object around which 119 
subsequent interaction and interpretation are organized. 120 

2.5 Contemporary human–AI co-creativity with intermediate representation 121 

Recent research on generative AI has increasingly moved beyond treating artificial 122 
intelligence as an automated production tool toward examining human–AI co-creativity 123 
as an interactive process. Rezwana and Maher's Co-Creative Framework for Interaction 124 
Design (COFI), for example, emphasizes interaction dynamics such as turn-taking, contri- 125 
bution type, and communication between human and computational partners. Their anal- 126 
ysis shifts attention from the capabilities of the AI alone toward the structure of the inter- 127 
action through which co-creation occurs (Rezwana & Maher, 2023). This perspective is 128 
compatible with distributed accounts of cognition, and it still raises an important question 129 
for creative education: what cognitive and representational activity occurs before the AI 130 
becomes a participant in that interaction?  131 

This question becomes particularly important when human agency is considered. 132 
Generative systems can extend ideation and provide alternatives that might not otherwise 133 
occur to a designer, but AI assistance can also change which parts of a task remain under 134 
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active human control. One large randomized study of AI-supported peer feedback found 135 
that students tended to rely on AI assistance rather than learn sufficiently from it to main- 136 
tain the same performance when that assistance was removed (Darvishi et al., 2024). Alt- 137 
hough their study looked at peer feedback rather than creative design, its implications for 138 
agency are relevant here: effective AI assistance and development of human capability are 139 
not necessarily equivalent educational outcomes. This distinction suggests that human– 140 
AI collaboration should be evaluated not only by what the combined system produces, 141 
but also by the cognitive activity retained by the human participant. 142 

One prominent response to the challenge of effective human–AI interaction has been 143 
increased attention to AI literacy and prompt engineering. Knoth et al. connect prompt- 144 
engineering strategies explicitly to AI literacy and not merely as a technical shortcut 145 
(Knoth et al., 2024). Oppenlaender et al. characterize prompt engineering for text-to-image 146 
generation as a creative skill that requires learning and practice. Their studies show that 147 
prompting itself is neither trivial nor cognitively empty, and that users must learn how to 148 
translate intentions into forms that generative systems can interpret effectively (Op- 149 
penlaender et al., 2023).  150 

The framework in figures 1 and 2 does not challenge the importance of prompt com- 151 
petence. Instead, it directs attention to an earlier stage of the process. A prompt is already 152 
an external representation of an intention. By the time a learner formulates a prompt, some 153 
decisions about what matters, what should be specified, and what can remain ambiguous 154 
have already been made. Creative intentions, however, do not necessarily originate in lin- 155 
guistic form. They may initially be perceptual, spatial, gestural, relational, or only par- 156 
tially articulated. From this perspective, prompt engineering addresses the problem of 157 
communicating an intention to an AI system, while sketch-mediated interaction also asks 158 
how that intention becomes sufficiently formed for communication in the first place. 159 

Recent research on generative AI in design provides evidence for the value of keep- 160 
ing this distinction visible. Paananen et al., studying text-to-image generation during ar- 161 
chitectural ideation, found that generative tools could support serendipitous discovery 162 
and an imaginative mindset, while also identifying the importance of design constraints 163 
and designers' ability to work with the limitations of the systems (Paananen et al., 2024). 164 
Such findings illustrate a productive tension in AI-supported design: generative systems 165 
can expand the space of possibilities, while designers must retain sufficient intention and 166 
judgment to determine which computational possibilities are relevant to the developing 167 
design. 168 

The increasing availability of multimodal generative systems makes the role of 169 
sketches especially significant. Edwards et al., for example, developed Sketch2Prototype, 170 
a framework that begins with a hand-drawn sketch and moves through text, image, and 171 
three-dimensional representations (Edwards et al., 2024). Their results also highlight the 172 
value of intermediate modalities within an iterative design process. More recently, Bau- 173 
doux et al. developed a multimodal system specifically supporting text-based and sketch- 174 
based human–AI conversations during conceptual design (Baudoux et al., 2025). Their 175 
work treats multimodal interaction as a means of supporting more agile and naturalistic 176 
exchanges between designers and generative systems. Together, these studies demon- 177 
strate a growing movement beyond text-only prompting toward interaction in which rep- 178 
resentations can move among sketches, language, generated images, and other modalities. 179 

However, the use of a sketch as an input modality and its use as a cognitive interme- 180 
diate representation are not identical. In multimodal AI research, a sketch can be evalu- 181 
ated according to what it communicates to a generative system or how effectively it con- 182 
strains subsequent output. The framework proposed here emphasizes a complementary 183 
function. Before the sketch communicates anything to the AI, producing it may already 184 
have changed what the human perceives, intends, notices, and is prepared to evaluate. 185 
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The sketch therefore participates in two relationships: one between the learner and the 186 
developing idea, and another between the learner and the generative system. 187 

This distinction also changes how the speed and timing of generative AI can be in- 188 
terpreted educationally. Rapid generation is valuable for exploration because it allows 189 
designers to encounter alternatives quickly. Yet speed can also remove activities that pre- 190 
viously occurred while an idea was being externalized. Recent empirical work suggests 191 
that the timing of AI participation may itself influence learning processes. Yang et al., for 192 
example, incorporated strategically delayed generative AI into a collaborative design- 193 
thinking environment for preservice teachers and found the AI most effective when intro- 194 
duced after human-only design efforts (Yang et al., 2026). Their intervention differs sub- 195 
stantially from the sketch-mediated practices considered here, but the result encourages a 196 
broader question raised by this framework: what cognitive work should occur before AI 197 
enters a creative process? Drawing requires a learner to spend time observing, selecting, 198 
positioning, simplifying, and revising. From the perspective developed here, this delay 199 
need not be treated simply as inefficiency. It may constitute productive friction through 200 
which an emerging intention becomes available for reflection before computational alter- 201 
natives are introduced. 202 

Recent research suggests that creative agency in human–AI collaboration is not es- 203 
tablished once but must be sustained throughout the creative process. Guo et al. found 204 
that independent thinking before or after AI collaboration could strengthen human 205 
agency, but that deeper integration of human ideas with AI-generated content could bet- 206 
ter sustain agency during collaborative creative problem solving (Guo et al., 2025). Com- 207 
plementing this finding, Rafner et al. describe creative agency as dynamic and fluctuating 208 
across human–AI co-creation, involving creative self-efficacy, control, autonomy, and 209 
ownership of the resulting work. Their participants used strategies such as progressive 210 
refinement and selective appropriation to maintain or recover agency as AI contributed 211 
unexpected material (Rafner et al., 2025). Together, these findings suggest that preserving 212 
agency involves more than establishing human intention before AI interaction; it requires 213 
continued opportunities to evaluate, integrate, reject, and reshape computational contri- 214 
butions. A revisable intermediate representation such as a sketch may provide one mech- 215 
anism for aiding this continuing negotiation of agency and ownership.  216 

The argument is not that sketching should replace prompting, nor that manual rep- 217 
resentation is inherently more creative than AI-assisted production. Rather, the timing 218 
and form of AI participation become variables in the organization of creative cognition. 219 
The sketch-first framework developed in this paper connects these strands by asking what 220 
cognitive work an intermediate representation performs for the human before, as well as 221 
during, its use in communication with AI. 222 

3. From Classroom Practice to a Conceptual Framework 223 

A framework was motivated by six offerings (2024-2026) of Understanding and Ex- 224 
ploring Artificial Intelligence (UEAI), an elective course in an art and design curriculum. 225 
Sixty-five students from varied creative disciplines encountered generative AI alongside 226 
observational and conceptual sketching. Students were encouraged to treat AI as a partic- 227 
ipatory collaborator so as to find useful creative processes through that lens. Instruction 228 
emphasized process over product and repeatedly used cycles of observation, sketching, 229 
reflection, AI interaction, critique, and revision. 230 

Several recurring classroom experiences prompted the present conceptualization. 231 
When a sketch existed before prompting, students had an external representation against 232 
which an AI interpretation could be judged. AI outputs could then function as additional 233 
design material rather than automatically becoming endpoints. Students often moved 234 
back and forth among drawing, prompting, discussion, and revision. Sketches also gave 235 
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peers and the instructor a common object for discussing intentions that were difficult to 236 
express verbally. In some cases, an unexpected AI interpretation led to further drawing 237 
or to a change in the student's conception of the work. 238 

These experiences did not occur uniformly. A student could abandon an initial 239 
sketch, prefer an AI interpretation, or discover that an early representation constrained 240 
rather than expanded exploration. Such cases are important because the framework does 241 
not assume that sketching always improves collaboration. Instead, they suggest that the 242 
role of an intermediate representation depends on how it is used: as a provisional expres- 243 
sion of intention, a constraint, a reference for critique, or an object that itself becomes open 244 
to revision. 245 

Figure 1 summarizes the recurring process that motivated the framework. It is not a 246 
prescribed instructional sequence and should not be read as a well-tested process model. 247 
Its purpose is to make visible a key departure from prompt-centered accounts of human- 248 
AI collaboration: substantial cognitive activity may occur before the first prompt, and AI 249 
output can return the learner to representation and reflection rather than terminating the 250 
process. 251 
 252 

 253 

Figure 1. Sketch-mediated creative cycle observed in instructional practice. The figure is an inter- 254 
pretive synthesis used to motivate the conceptual framework rather than a prescribed or experi- 255 
mentally validated sequence. 256 

4. Sketch-Mediated Human-AI Collaboration 257 

Figure 2 expands the process into a distributed cognitive system. The sketch occupies 258 
an intermediate position among perception, reflection, communication, and generation. It 259 
is neither merely an input format nor necessarily the origin of the idea. Instead, it is a 260 
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temporary stabilization of an evolving intention that can be encountered by the learner 261 
and by other participants, including AI. 262 

 263 
 264 

 265 

Figure 2. Conceptual framework for sketch-mediated human-AI collaboration. Sketches function as 266 
intermediate representations coordinating perception, reflection, communication, and generation 267 
across learners, peers, instructors, and AI systems. The framework draws on embodied cognition 268 
(Varela et al., 1992), distributed cognition (Hutchins, 1996), distributed intelligence (Pea, 1993), and 269 
boundary objects (Star & Griesemer, 1989). 270 

4.1 Intention formation before prompting 271 

Prompt-centered interaction encourages attention to how an already formed inten- 272 
tion should be expressed in language. Sketch-mediated interaction adds an earlier prob- 273 
lem: how does the intention become sufficiently formed to communicate at all? Observa- 274 
tional and conceptual drawing can make relationships visible before they are easily ver- 275 
balized. The sketch therefore provides AI with more than visual information; it is the res- 276 
idue of prior human perception and decision-making. 277 

4.2 Iteration as a representational negotiation 278 

When AI responds to a sketch or to a prompt derived from one, the generated artifact 279 
introduces another representation into the system. The human can compare that repre- 280 
sentation with the sketch, the underlying intention, and newly emerging possibilities. Re- 281 
vision may occur in the prompt, the sketch, or the conception itself. Human-AI collabora- 282 
tion is therefore better described as representational negotiation than as a one-way trans- 283 
fer from prompt to output. 284 

4.3 Ambiguity as a resource 285 

A sketch can deliberately leave relationships unresolved. This ambiguity distin- 286 
guishes many intermediate representations from specifications. AI may fill those gaps in 287 
ways that expose an assumption or propose an alternative the human had not considered. 288 
Productive collaboration does not require eliminating ambiguity; it requires the human to 289 
recognize which aspects are intentionally open and to judge what the AI contributes there. 290 
The same ambiguity can also create risk when computational defaults displace an inten- 291 
tion that was never sufficiently externalized to be defended or revised consciously. 292 
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4.4 Human agency as continued judgment 293 

Within this framework, agency does not require that the human determine every fea- 294 
ture of the final artifact. It resides in continued responsibility for the developing vision. 295 
An intermediate representation can assist that responsibility by providing a human-orig- 296 
inated reference against which computational suggestions are accepted, rejected, or trans- 297 
formed. This is a proposed mechanism, not a demonstrated effect. Whether sketch-first 298 
practices measurably strengthen perceived or observable creative agency remains an em- 299 
pirical question. 300 

4.5 Productive friction 301 

Generative AI makes production fast. Sketching makes some parts of the process de- 302 
liberately slower. That friction may be educationally useful when it creates time for obser- 303 
vation, uncertainty, comparison, and reflection. Efficiency is therefore an incomplete cri- 304 
terion for evaluating AI-supported creative learning. A workflow that requires more time 305 
may promote richer intention formation or clearer provenance of decisions, although 306 
those possibilities require direct study.  307 

Increasingly capable multimodal AI systems may eventually reduce the instrumental 308 
need to sketch in order to communicate visual intentions. The present framework sug- 309 
gests, however, that communicative efficiency and cognitive value are different questions: 310 
a representation may remain educationally useful because of what occurs while the 311 
learner constructs and revises it, even when an AI system no longer requires that repre- 312 
sentation as input. 313 

5. Educational Implications and Research Agenda 314 

The framework shifts attention from whether students should continue learning to 315 
draw toward a broader question: which intermediate representations help learners form, 316 
examine, and revise intentions before and during collaboration with AI? Sketching is one 317 
instance of a larger representational family. The same question can be asked of diagrams 318 
in science, notation in mathematics, models in engineering, maps in spatial reasoning, or 319 
structured outlines in writing. 320 

This perspective also has implications for assessment. Final AI-generated artifacts 321 
can conceal much of the reasoning that preceded them. Intermediate representations can 322 
make parts of that process visible: what the learner noticed, what was specified, what 323 
remained uncertain, what changed after AI intervention, and which computational sug- 324 
gestions were rejected. Process evidence may therefore complement product evaluation 325 
in AI-supported curricula. 326 

The conceptual framework generates several propositions suitable for future empir- 327 
ical investigation: 328 

• P1. Externalizing an emerging creative intention before AI interaction may change 329 
the criteria by which learners evaluate subsequent AI outputs, compared with be- 330 
ginning from prompting alone. 331 

• P2. Sketch-first and other representation-first workflows may produce different 332 
patterns of iteration from prompt-first workflows, including more movement 333 
among representation, generation, critique, and revision. 334 

• P3. The degree and type of ambiguity preserved in an intermediate representation 335 
may influence whether AI contributions are experienced as productive explora- 336 
tion, unwanted default completion, or both. 337 

• P4. Intermediate representations created before AI generation may support 338 
clearer accounts of the provenance of creative decisions and may strengthen 339 
learners' capacity to exercise reflective judgment over AI suggestions. 340 
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• P5. Productive friction introduced by representation-building activities may 341 
deepen observation and reflection even when it reduces the speed of artifact pro- 342 
duction. 343 

Testing these propositions will require designs that distinguish observation from in- 344 
terpretation. Comparative studies could examine sketch-first and prompt-first conditions 345 
while collecting process traces, successive representations, reflective accounts, revision 346 
behavior, and measures of agency or ownership. Studies should also seek disconfirming 347 
cases: situations in which sketching adds little, constrains exploration, or is abandoned in 348 
favor of an AI-generated alternative. Such cases would help establish the boundary con- 349 
ditions of the framework rather than simply confirm it. 350 

The framework is limited by its origin in reflective practice within the one elective 351 
art and design course. The instructor's simultaneous roles as teacher and framework de- 352 
veloper necessarily shape the interpretation presented here, and students' elective partic- 353 
ipation may distinguish them from learners in other educational contexts. Experiences 354 
may also vary across creative disciplines and across generative systems with substantially 355 
different interaction capabilities. The framework has not been validated through con- 356 
trolled comparison, and the classroom experiences that motivated it should not be gener- 357 
alized to other learners, disciplines, technologies, or representational forms without fur- 358 
ther study. 359 

6. Conclusions 360 

Generative AI has made artifact production extraordinarily easy, but ease of produc- 361 
tion does not eliminate the cognitive work through which intentions form. It may instead 362 
make that work more important to identify and cultivate. This paper has proposed that 363 
sketching can function as an intermediate representation within human-AI creative cog- 364 
nition: a place where partially formed ideas become visible, remain revisable, and can be 365 
compared with computational interpretations. 366 

The framework reframes sketching from a prerequisite for visual production to a 367 
cognitive technology for perception, reflection, communication, and judgment. Its signif- 368 
icance lies not in opposing AI or preserving traditional technique for its own sake. Rather, 369 
sketching illustrates how an external representation can give human thought a form be- 370 
fore AI expands it, creating opportunities for ambiguity, negotiation, revision, and con- 371 
tinued agency. 372 

The broader research question extends beyond drawing. As intelligent systems be- 373 
come collaborators across educational disciplines, researchers will need to understand 374 
how intermediate representations shape the relationship between human intention and 375 
computational generation. Researchers may need to revisit that understanding if compu- 376 
tational systems are changing rapidly and are differentiating into specialized agentic ser- 377 
vices. The propositions offered here provide a starting point for that empirical work. 378 

Abbreviations 379 

The following abbreviation is used in this manuscript: 380 

AI 
UEAI 

Artificial Intelligence 
Understanding and Exploring Artificial Intelligence 
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