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Abstract

We present a careful, general picture of modern,
foundation-model-based, generative AI systems, dis-
cuss how they work, and analyze them in the context
of historical work on the foundations of computational
creativity. In particular, we revisit four approaches to
process that characterize what is meant by computa-
tional creativity and consider to what extent, by these
standards, modern generative systems should be judged
computationally creative. We conclude by discussing
experiments and research directions suggested by this
analysis.

Introduction
The genesis of the field of computational creativity (CC) can
be traced back to seminal work by Margaret Boden (Bo-
den 1992; Boden 1998),1 in which she posited that arti-
ficial intelligence (AI) might be developed to account for
general creative ability. The ideas she put forward were
quite forward-thinking and exciting, while at the same time
being, in some ways, still quite informal and underdevel-
oped, at least from the standpoint of implementation. In
particular, her work did not make it clear how such sys-
tems should work. In the following decade, many attempts
were made using classical AI approaches (Saunders and
Gero 2001; Machado and Cardoso 2002; Martins et al.
2004; Cope 2005; O’Donoghue, Bohan, and Keane 2006;
Veale 2006; Riedl and Young 2006; Hull and Colton 2007;
Strapparava, Valitutti, and Stock 2007; Ritchie et al. 2007;
Gervás 2009). Because the systems being developed were ad
hoc and because they addressed a wide variety of disparate
domains, a domain-agnostic method for analyzing such sys-
tems was necessary.2 An early proposal by Ritchie focused

1While most CC researchers are likely to agree with this, de-
pending on one’s viewpoint, the beginnings of the field might be
argued to pre-date Boden; indeed, she cites work that might be
considered (proto-) computational creativity to support her argu-
ments; in fact, some authors cite things at least as early as Mozart’s
dice game as examples of (proto-) CC; however, for our purposes,
starting with Boden seems appropriate.

2While a domain-agnostic method of analysis is appealing, Jor-
danous makes an interesting argument for an approach to evalu-
ation that is instead domain-specific (and possibly even system-
specific) (2012).

on what was created—the product of the system. He sug-
gested an empirical methodology for sampling that product
and a set of example metrics for measuring different char-
acteristics of the results (2007). The approach is direct and
concrete and easily implementable; however, it requires po-
tentially significant runtimes for accumulating data, it offers
only relative comparison between systems, and it does not
consider the process used to produce artefacts.

Focusing on the idea of process, Wiggins revisited the
ideas of Boden and proposed a formalization based on a gen-
eral, abstract notion of search (2006). Because the result
was still too abstract to admit a direct operationalization of
the theory, Ventura later attempted to make the ideas more
modular and concrete and offered examples of extant sys-
tems that did implement at least some modules (2017). In
the meantime, Colton, Charnley, and Pease considered the
problem of analyzing process in another way entirely, offer-
ing a descriptive framework that accounted for four process
dimensions and two levels of abstraction (2011). Ventura
suggested yet another approach to analysis of process by
proposing a spectrum of abstract but well-defined creativity
milestones against which CC systems can be judged (2016).
All four of these approaches provide researchers the ability
to talk about systems operating in different domains using a
common language and offer the potential for critical analysis
of systems at the process level.

Over the next decade, CC systems became more sophis-
ticated, incorporating neural, hierarchical and hybrid ap-
proaches and tackling more complex and ill-defined do-
mains (Smith and Mateas 2011; Cook, Colton, and Gow
2016; Liapis, Yannakakis, and Togelius 2015; Gervás 2011;
Toivanen et al. 2012; Carlson et al. 2016; Li et al.
2012; Besold and Plaza 2015; Cunha et al. 2017; Mor-
ris et al. 2012; Xiao and Blat 2013; Llano et al. 2014;
Confalonieri, Plaza, and Schorlemmer 2016; Colton 2012;
Elgammal et al. 2017; Oliveira, Costa, and Pinto 2016).

Now, yet another decade has passed, and massive and un-
predictable advances have swept the field of artificial in-
telligence and therefore also the subfield of computational
creativity. As a result, many of the most recently pro-
posed CC systems are built using foundation models, in-
cluding for domains like irony (Veale 2025), humor (Inácio
and Oliveira 2025), character generation (Tian 2024), and
recipes (Taneja, Segal, and Goodwin 2023). However, in-



terestingly, many recent papers have begun, at least im-
plicitly, to assume that those same foundation models are
themselves already CC systems and to focus on evaluating
their creative capabilities (Góes et al. 2023; Ventura 2023;
Peeperkorn et al. 2024; Nath, Dayan, and Stevenson 2024;
Rabeyah et al. 2025; Ismayilzada, Stevenson, and van der
Plas 2025; Morain and Ventura 2025). However, none of
these recent attempts at evaluation have leveraged the foun-
dational work on process discussed above. As a result, we
see an opportunity to revisit those foundations and to ask
how the process of modern AI foundation models measures
up. This paper does just that: first, presenting a general ab-
straction of the modern generative AI system; then briefly
discussing four approaches to talking about process in CC
systems; and then considering how modern generative AI
systems do or do not account for those theories.3,4

Modern Foundation Models
We broadly categorize modern generative AI systems as
conditional models that transform an input context into a
target artifact via one of two principal mechanisms: autore-
gressive prediction or iterative denoising. The conditioning
context is typically encoded as embeddings, discrete tokens,
or latent vectors; the generation may occur in discrete token
space or in a continuous latent space; and the resulting in-
termediate representation is then decoded or rendered into
the target modality. An abstract system architecture of such
a system is shown in Figure 1. It is very general, and we
assert that it adequately represents the majority of current
state-of-the-art generative models. It employs a collection
of models and processes that interact with each other, with
data, and with the user. High-level interactions are shown in
the diagram for both generation (blue) and training (red).

Generation

The generative process consists of seven main components,
numbered 1-7 in blue in Figure 1:

1. token prediction
2. autoregression
3. user prompting
4. prompt embedding
5. conditioning
6. decoding latent tokens into an artefact
7. denoising/diffusion

3We recognize that there are other aspects of creativity beyond
product and process—in particular those of producer and press dis-
cussed by (Jordanous 2016)—and it would be interesting to con-
sider modern generative AI from those perspectives; however, that
is beyond the scope of this work.

4We will limit our analysis to considering modern generative
AI as an autonomous CC system, rather than as a co-creator, for
several reasons: the scope of the paper does not allow treating the
co-creative case; the frameworks employed here were all originally
conceived for addressing the autonomous case; the additional com-
plexity of incorporating human co-creators into the analysis likely
requires a different set of tools.

Token Prediction The modern generative process is usu-
ally treated as a problem of token prediction. An arte-
fact to be generated is considered a collection of to-
kens {a1, ..., am} related structurally in some domain-
appropriate way G, where G can be thought of as a graph
that defines which tokens are “neighbors”. This is a very
general and powerful representational approach. For exam-
ple:
• for the domain of music, a token might be a symbolic mu-

sical note and the structure a multi-sequence (for multiple
voices); or, the token might be a waveform sample and
the structure a simple sequence; or, the token might be a
mel spectrum representation of a complete song and the
structure trivial.

• for the domain of images, a token might be a pixel or an
image patch and the structure a two-dimensional grid; or
the token might be the complete image and the structure
trivial.

• for the domain of language, a token might be a phoneme,
a letter, a partial word, a word or even a word sequence
and the structure a sequence.

• for the domain of video, a token might be a frame of video
and the structure a sequence; or, the token might be an
image patch and the structure a three-dimensional grid.
The core of most state-of-the-art generative systems is

the transformer (Vaswani et al. 2017). A transformer is a
deep neural network model that generates tokens a1, ..., am
by computing a conditional probability distribution p over
a vocabulary V = {v0, ..., vn} and sampling that distribu-
tion. p typically depends on how the tokens that compose
an artefact are related structurally and may also depend on
other information, such as a conditioning signal σ. These de-
pendencies are modeled using an attention mechanism: self-
attention for previously generated tokens and cross-attention
for conditioning signals. Tokens are represented internally
in the network as real-valued vector embeddings, with each
layer computing new embeddings for each token.

It is this iterative layer-by-layer transformation of em-
beddings that gives the transformer its name. Attention
(Vaswani et al. 2017) is used during the generation of to-
kens to allow previously generated tokens (self-attention) or
tokens from another sequence (cross-attention) to influence
the generation of the current token by influencing the token
embeddings at each layer of the transformer.

Autoregression Each generated token is conditioned on
other previously generated tokens that are structurally re-
lated to it (e.g., in language generation, a word depends
on words earlier in the sequence). This is accomplished
via a self-attention function α, which computes a ma-
trix of attention scores at each transformer layer k, Ak =
α(τk(bi), τk(bj)),1 ≤ i, j ≤ m, where bi are embeddings
(from layer k − 1) of all tokens. In general, this matrix will
likely have parts of it masked (e.g., in language modeling,
tokens later in the sequence are masked, and A is lower tri-
angular). The resulting attention information represented in
the matrices Ak is used by the transformer in computing the
new embeddings τk(bk−1,Ak) for layer k, where bk−1 is a



Figure 1: Diagram of an abstract modern generative AI system. High-level interactions are shown in two different modes:
generation (blue) and training (red).

vector of all embeddings b1, ..., bm from the previous layer
k − 1.

User Prompting It is usually desirable to provide the gen-
erative process additional information σ, typically referred
to as a prompt. During generation, this additional infor-
mation can “steer” the outcome towards some desired char-
acteristics. For example, prompting information for a mu-
sic generation system might include things like key, genre,
lyrics, inspiring artists, mood, instrumentation, style, audio
of other music, etc). Typically, a user provides the prompt;
however, in many systems the initial user-provided prompt
can be rewritten by the system for various reasons includ-
ing efficiency, legality, bias avoidance, etc.; and, in extreme
cases, the user may be another system rather than a human
user.

Prompt Embedding Because this information σ may be
of many different modalities (text, image, audio, video, etc.),
it must be transformed into a signal that is semantically
meaningful for the model to be conditioned. This is done
using an embedding model β. The conditioning information
is tokenized as a collection σ = c1, ..., cl, and each token is
then converted to a real-valued vector embedding β(ci). If
the prompt information is multi-modal, then β is typically
implemented by a set {βi} of embedding models, one for
each modality. These models might have been been co-
developed with a common embedding space with a shared
semantics, such as CLIP (Radford et al. 2021) for image
and text or CLAP (Wu et al. 2023) for text and audio, or
they might be off-the-shelf models developed independently,
such as RoBERTa (Liu et al. 2019) for text or MERT (Li et
al. 2024) for music. Finally, the multiple modalities must
be combined into a coherent signal d = g(β1(σ), ..., βn(σ))
that can be injected into the generative transformer.

Conditioning Conditioning allows the generative model
to also be influenced by non-autoregressive information us-
ing the same mechanism used for autoregression—attention.
This is accomplished via a cross-attention function χ, which
computes a matrix of attention scores at each transformer
layer k, Ck = χ(τk(bi), β(dj)),1 ≤ i ≤ m,1 ≤ j ≤ l. Be-
cause conditioning is based on information from outside the
model, masking is typically unnecessary and the full condi-
tioning information is usually provided to all tokens during
both training and generation. The resulting attention infor-
mation represented in the matrices Ck is used, along with
that in the self-attention matrices Ak, by the transformer in
computing the new embeddings τk(bk−1,Ak,d,Ck).

Decoding Latent Tokens into an Artefact Most state-of-
the-art models no longer work directly on tokens; instead,
they operate in a latent space, consuming and generating la-
tent representations, because this has been found both to be
more efficient and to produce better quality results. A la-
tent representation is similar to an embedding in that it is an
abstract representation of data as a real-valued vector. The
difference is in the motivation: embeddings are used to con-
vert data from its original form into a model-consumable
form in which key features are numerically encoded; latent
representations are used to represent data in a compressed
form that still contains all the salient features of the origi-
nal data. Latent representations are useful because they are
smaller than the original and thus allow more efficient com-
putation and because they can easily be converted back into
the original format. They can also help with generalization.
To access this latent space, a pair of models (ϵ, δ) commonly
referred to as a codec5 is required. ϵ is an encoder model

5One common approach to building a codec is the variational
autoencoder (VAE) (Kingma and Welling 2019).



that takes a token a as input and outputs a latent represen-
tation ϵ(a) for that token such that ∣ϵ(a)∣ < ∣a∣, and often
∣ϵ(a)∣ ≪ ∣a∣. Conversely, δ is a decoder model that reverses
the process, δ(ϵ(a)) = a. Rather than generating tokens ai,
the transformer actually generates latents li.6 When all la-
tents l1, ..., lm have been generated, the decoder is used to
decode them into tokens, ai = δ(li) and the resulting tokens
a1, ..., am compose the final artefact according to the struc-
ture G.

Denoising/Diffusion Some systems incorporate denois-
ing/diffusion in the generative process. Diffusion models
are based on noise models of physical processes and are
composed of two parts: a forward diffusion process (dis-
cussed below in the subsection on training) and a backward
de-noising process. The denoising process uses a noise pre-
diction model ρ to remove noise from a latent and assumes
that noisy latents are noisy due to a well-understood noise
diffusion process. Given that assumption, the generative
process can simply reverse that diffusion process by itera-
tively removing noise using a noise schedule, which deter-
mines how many denoising steps are used and the relative
size of each step (linear, cosine, etc.) Using ρ the denois-
ing generator generates a latent by taking as input a random
vector z and iteratively denoises it to produce a clean latent
representation li = ρ(z), with both the context of previously
generated latents and the conditioning signal acting to guide
the process towards a result that has the desired characteris-
tics. In this case, the transformer is ρ—instead of predicting
latents directly, it predicts noise. Also, note that here the
tokens are not generated autoregressively; instead, the full
structure is generated in parallel, with the noise for each la-
tent dependent on every other latent (through self-attention).
This parallelism improves efficiency because all tokens can
be generated as a single batch; it also improves artefact qual-
ity due to the additional attentional information available (no
masking).

Putting It Altogether Algorithm 1 shows high-level pseu-
docode for how the autoregressive transformer generates an
artefact. It works by iteratively sampling one latent vector at
a time from p (lines 2 and 9), computing layer embeddings
for all latents generated so far (lines 5-7), and using the fi-
nal layer embeddings to update p (line 8). Once all latents
are generated, they are decoded into tokens that compose the
final artefact according to structure G (lines 10-12).

Alternatively, Algorithm 2 shows instead how a diffusion
transformer generates an artefact. The system works by gen-
erating a complete batch of random latent vectors (line 1),
iteratively denoising them by computing the layer embed-
dings for all latents (lines 3-6), using the final layer embed-
dings to predict noise for each one (line 7) and subtracting
the noise from the latents (lines 8-9). Once the latents are
denoised, they are decoded into tokens that compose the fi-
nal artefact according to structure G (lines 10-12)).

6If the transformer is generating autoregressively and must sam-
ple from a finite vocabulary, the latent space for the codec must be
discretized in some way, for example using a quantized codebook.
If the transformer is instead diffusion-based, this is unnecessary.

Algorithm 1 GPT(d)
1: m = 1
2: lm ∼ p
3: while lm ≠ EOS do
4: m =m + 1
5: b0 = τ0(l<m)
6: for k = 1 to K do
7: bk = τk(bk−1,Ak,d,Ck)
8: p = f(τK(bK−1,AK ,d,CK))
9: lm ∼ p

10: for i = 1 to m do
11: ai = δ(li)
12: return compose(a,G)

Algorithm 2 DIT(d)
1: lT1 , ..., l

T
m ∼ N(0,1)

2: for t = T to 0 do
3: for i = 1 to m do
4: bi = τ0(lti)
5: for k = 1 to K do
6: bk = τk(bk−1,Ak,d,Ck)
7: et = f(τK(bK−1,AK ,d,CK))
8: for i = 1 to m do
9: lt−1i = lti − eti

10: for i = 1 to m do
11: ai = δ(l0i )
12: return compose(a,G)

There are, of course, many variants on these approaches,
but this abstraction level captures the essence of modern
generative AI at this moment in time. For example, although
we have presented autoregression and diffusion as separate
approaches to generation, many systems now combine these
paradigms (e.g., a model may use autoregression to produce
latent tokens followed by diffusion-based refinement, or use
diffusion within a latent space learned by an autoencoder);
augmentation techniques, such as retrieval-augmented gen-
eration (RAG) (Lewis et al. 2020), can be accounted for
as additional sources of conditioning; and alignment meth-
ods, such as reinforcement learning from human feedback
(RLHF) (Kaufmann et al. 2025), can be considered as addi-
tional training signal.

Training
The processes discussed above: ϵ (encoding), δ (decod-
ing), α,χ (attention), β, τ (embedding), the probability dis-
tribution p, and helper functions (like f in Algorithms 1
and 2), as well as mechanisms for connecting them all,
are implemented using DNN models composed of tunable
parameters—real-valued numbers that represent the muta-
ble part of the system. They interact with input to the system
as well as with each other and define the functional behav-
ior of the system—what artefacts it generates. Modern ma-
chine learning models can contain billions of parameters, all
of which must have their values set “correctly” via training
in order for the model to exhibit reasonable/desirable/useful



behavior. Training is an iterative, inductive process that re-
quires examples of the desired model behavior and an objec-
tive function which provides a measure of error between the
model’s current behavior and the desired example.

Modern generative systems are often composed of many
subsystems and models that work together and are typically
trained end-to-end. This can be expensive in terms of many
resources including time, money, energy and data. In partic-
ular, training modern foundation models can require months
of time, terabytes of data and enough energy to power a
medium-sized town. The training process consists of six
main components, numbered 1-6 in red in Figure 1:

1. data collection and preparation
2. training a codec
3. encoding training data into latent space
4. noising the latent training data
5. embedding metadata
6. training the transformer

Data Collection and Preparation Training a generative
system requires both a set of examples X = {xi} of the
kinds of artefacts to be generated and a set of associated
metadata Y = {yi} describing those artefacts. The examples
X serve as training targets for generation and the metadata
Y as a proxy for conditioning prompts. Because the models
are very large (in terms of number of parameters), the set
X must also be very large in order to avoid overfitting and
memorization. Also, because the amount and type of user
prompt information that may be encountered is practically
limitless and ill-defined, it is critical that the set Y be as rich
as possible. For example:

• for the domain of music, X is a set of songs in some audio
format and Y may contain text descriptions of the music;
classifying information such as time signature, key, genre,
artist; instrumentation; audio of similar music.

• for the domain of images, X is a set of images in some
image format and Y may contain text descriptions of the
images.

• for the domain of language, X is a set of documents and Y
may contain classifying information such as topic, author,
source; translations to other languages; audio rendering of
the text.

• for the domain of video, X is a set of videos in some video
format, and Y may contain text descriptions of the video;
summarization information; accompanying audio.

It is important that the data be paired so that yi ∈ Y is the
metadata associated with xi ∈ X . Finally, the training data
is tokenized xi = ai1, ..., aiqi , with the tokens aij domain-
specific. For example, if the training data were 4096 × 4096
pixel images, these could be partitioned into 32 × 32 non-
overlapping patches, resulting in an image consisting of
16,384 tokens, each of which is a 32 × 32 image patch.

Training a Codec During the generation process, an arte-
fact is generated as a collection of latents. What makes a
good latent representation for this process must be learned
by the codec. It does this by learning to take an input token,

compress it using an encoder ϵ and then decompress it us-
ing a decoder δ such that the output is equal to the input. In
other words, it learns to compress the input into a latent rep-
resentation from which the original can be recovered. The
model is trained using an objective function that computes
the difference between the input token a and the output of
encoding and decoding it, δ(ϵ(a)), with that error driving
the update of encoder and decoder model parameters. When
training is complete, the encoder and decoder can be used
to convert an original data representation into a latent rep-
resentation (encoder) and to convert a latent representation
back into the original data representation (decoder).

Encoding Training Data into Latent Space Once the
codec is trained, its encoder model ϵ is used to build a latent
version X̂ of the training data X . This is done by converting
the tokenized training data xi = ai1, ..., aiqi into a collection
of latents lij = ϵ(aij), 1 ≤ i ≤ ∣X ∣,1 ≤ j ≤ qi. Continuing the
image example above, the 32×32 image patch tokens consist
of 1024 real-valued numbers. If the codec bottleneck is 128,
it will compress each of the 1024-vectors down to a latent
128-vector.7

Noising the Latent Training Data If the transformer uses
diffusion, a noisy version X̃ of the latent training data X̂
must be created to train the transformer to predict noise. X̃
is constructed by adding varying levels of Gaussian noise to
the latents lij . This process of adding noise is called diffu-
sion and makes the assumption that noise can be modeled
by a mathematical schedule over T timesteps. X̃ consists of
(t, l̃, e) triples, where t is a time step index, l̃ is a batch of
related latents (composing all or a part of an artefact) that
contains t levels of added noise, and e is a batch of the t-th
level of noise that was added to the batch of latents during
diffusion and which must be removed from the latents to re-
cover a less noisy version that contains only t − 1 levels of
noise. To create the data set, a noise schedule of T steps is
applied to each batch of latents li, resulting in T examples
for each batch, one for each noise level. If X̂ = {li}, then
X̃ = {(1, l̃1i ,e1), ..., (T, l̃Ti ,eT )}.

Embedding Metadata Because the metadata is used as a
proxy for user prompting (see above), it must be processed
in the same way: tokenized as a collection, yi = ci1, ..., cili ,
and then converted to a collection of embeddings, β(cij),
1 ≤ i ≤ ∣Y ∣,1 ≤ j ≤ li. The result is an embedded version Ŷ
of the training metadata Y .

Training the Transformer Once training data, metadata
sets X̂, Ŷ or X̃, Ŷ have been created, they are used to train
the transformer model: either to autoregressively generate

7And, since there are an infinite number of such latents, some-
thing like a codebook will be used to quantize the latent space into
a finite set; for example, the codebook (itself parameterized and
learned during training) might have 65,536 entries and each com-
pressed latent is mapped to the closest of these, resulting in a latent
vocabulary of size 65,536. During autoregression, When the dis-
tribution p is sampled, one of these 65,536 latent codebook entries
is the result.



Algorithm 3 TRAINGPT(X̂, Ŷ )
1: Initialize transformer model parameters
2: while not done do
3: Randomly choose a training pair (x̂i = li1, ...liqi , ŷi)
4: for j = 1 to qi do
5: using li1, ..., lij as input and ŷi as conditioning, run

lines 5-8 of Algorithm 1 to get updated p
6: error = cross entropy(p(lij+1))
7: Backpropagate error through model
8: Update model parameters to reduce error

Algorithm 4 TRAINDIT(X̃, Ŷ )
1: Initialize transformer model parameters
2: while not done do
3: Randomly choose a training pair (x̃i = (t, l̃ti, eti), ŷi)
4: using l̃ti as input and ŷi as conditioning, run lines 3-7

of Algorithm 2 to get noise predictions ẽti
5: error = (eti − ẽti)2
6: Backpropagate error through model
7: Update model parameters to reduce error

a collection of latents or to denoise a collection of random
vectors into a collection of latents.

The training process is similar for both transformer mod-
els, with the difference being in how error is computed—
the two approaches have different objective functions: min-
imizing cross entropy for autoregression and minimizing
squared-error for diffusion. See Algorithms 3 and 4.

Also, note that for the case of autoregression, masking
is used to avoid cheating during training. Even though
the training input x̂i contains the entire sequence li1, ...liqi ,
when predicting latent lij+1 only latents li1, ..., lij are avail-
able for attention, while any other tokens in the structure are
masked (e.g., in language prediction, tokens later in the se-
quence are masked, and the attention matrices Ak are lower
triangular).

Characterizing Process in CC Systems

We will examine this modern generative AI system through
the lens of four different analytical accountings of the cre-
ative process in computational systems: the Creative Sys-
tems Framework (CSF) (Wiggins 2006), a formal approach
to building a CC system (Ventura 2017), the FACE frame-
work (Colton, Charnley, and Pease 2011) and a spectrum
of computational creativity (Ventura 2016). For each, we
briefly summarize the key points of the method and then ex-
amine the model of Figure 1 from that perspective. The in-
tent here is twofold: to demonstrate that these classical CC
frameworks are as useful in this new age of modern AI as
they have ever been, if not more so; and to provide some
perspective on what these modern AI models do and do not
yet admit in terms of creativity, suggesting some research
directions to benefit both CC and AI generally.

Creative Systems Framework
Wiggins’s formalization of the computational creative pro-
cess is elegantly summarized in the following equation:

cout = JE K(⟪R,T ,E ⟫◇({⊺}))

The process is proscribed by three rule sets: R,T ,E . R is
a set of rules that define the conceptual space on which the
creative process will operate—the domain in which poten-
tial output artefacts live; T is a set of rules that define how
that conceptual space should be traversed while searching
for potential output artefacts; E is a set of rules that define
how potential output artefacts should be evaluated to deter-
mine their “fitness” for output. The notation ⟪⋅⟫ represents
a compilation mechanism that consumes the three rule sets
and produces a search function (not explicitly represented
here, so for convenience, we will call it ϕ) that explores the
universe U of possible artefacts and returns potential arte-
facts. At a timestep t, the search function ϕ takes as input
a set ct−1 ∈ U of potential artefacts and returns another set
ct ∈ U of potential output artefacts. The notation J⋅K rep-
resents another compilation mechanism that consumes only
the E rule set and produces an evaluation function (again not
explicitly represented here, so for convenience, we will call
it µ). The evaluation function µ takes as input the set cT for
some final timestep T and returns the subset cout ∈ cT which
the rules in E identify as “fit” or “interesting” or “valuable”
as output artefacts. The initial input to the function ϕ is the
set {⊺} containing only the empty concept ⊺. The ◇ notation
represents the idea that the search process implemented by
ϕ is recursive, with the output at one time step acting as the
input for the next:

ct = ϕ(ct−1)
c0 = {⊺}

with the final output of the creative process then being:

cout = µ(cT )

The function of the rule set R is represented by a combi-
nation of the structure G and the latent vocabulary, which is
learned by the codec (ϵ, δ). Wiggins suggests that one type
of creativity involves the system occasionally ignoring the
conceptual rules in R, but this is difficult to do for modern
generative AI systems: in the case of GPT, it is only possi-
ble if composing latents from the vocabulary according to G
can result in something “weird”, which by design is at best
very unlikely; for DiT, this is less obvious, since in theory, it
can generate infinitely many denoising trajectories, but the
resulting latent will still be decoded. If the decoder is stable,
the resulting token is still likely to be unsurprising, and, of
course, the structure G still imposes significant constraints
that can not be circumvented.

The search function ϕ compiled from the rule sets
T ,R,E is represented in the embeddings β, τ , attention
mechanisms α,χ and the mapping function f , which in-
fluence either the next sample lm or the predicted noise
et. c0 could be empty as suggested by Wiggins and this
would correspond to the case of no user prompt. In most
cases, however, c0 will be the embedded user prompt d =



g(β1(σ), ..., βn(σ)). ct−1 is then equivalent either to the set
of previous latents l<m (autoregression) or to the batch of
slightly noisier latents lti (diffusion).

The evaluation function µ compiled from the rule set E
is not explicitly represented. “Evaluation” only happens in
the sense of minimizing an objective function during train-
ing, with the resulting “quality” encoded in the model pa-
rameters. During generation, the model is biased toward la-
tents that meet the objective. For GPT, this happens because
the next latent is influenced by previous latents as well as
conditioning—the next latent should have high-probability
given those; for DiT, the model should predict noise so that
the latents’ final positions are close (in some semantic sense)
to others in the batch and to conditioning embeddings. The
model offers no mechanism for evaluation of final product
in any other sense. To be fair, automatic artifact evaluation
is a non-trivial problem that has not been solved in general.

Rule sets T and R are both encoded in the training data
X̂, Ŷ (X̃, Ŷ ), and the compilation process ⟪⋅⟫ is the training
process. New data will produce a new codec (and thus new
vocabulary) and new G, and so also a new R. New data will
produce new embeddings and attention functions and thus a
new T . It can be argued that E , too, is encoded in the data,
but there is no analog for the separate compilation process
J⋅K.8

How To Build a CC System
Ventura’s evolution of the ideas originated in the CSF is
more directly functional and can again be summarized with
a single equation:

a = Θp(τ(Θg(γ(λc(K), ρ))))

Considering this from the inside out, K is a knowledge-
base of data and relationships from the domain of inter-
est. λc() is some learning mechanism that consumes the
knowledge-base K to produce a conceptualization C of the
domain, in the form of some learned model. ρ represents a
catch-all for additional information beyond what the model
C provides (inspiration sources, randomness, examples) that
may benefit the artefact generation process (and it may, of
course, be null). γ is a generative process that makes use of
both the conceptual model C and the supplemental informa-
tion ρ to produce a potential output artefact g. Importantly,
this potential artefact is represented in some genotypic form
consumable by the system but likely not understandable by
other systems or humans. The genotypic potential artefact
g is evaluated (for “quality”, “value”, “interestingness” by
the function Ωg(), which returns either g (if it meets some
threshold of “goodness” or the empty concept � (if it does
not). If that output is evaluated as good, the result is then
translated into a domain-appropriate phenotypic representa-
tion p via a translator function τ . Because this representation
is domain-specific and phenotypic, it will be understandable
by other systems and humans. Finally, the phenotypic rep-
resentation p of the potential output artefact is re-evaluated
with a different evaluation function Ωp(). If it again passes

8One might be able to argue that alignment techniques are an
attempt at something like this but probably not convincingly.

muster, it is output; otherwise, the system outputs the empty
concept �.

Not surprisingly, given the nature of the formulation, the
mapping here is mostly straightforward:

• The knowledge-base K is the training data X̂, Ŷ (X̃, Ŷ )
along with any supplemental knowledge sources (e.g.,
RAG).

• The learning mechanism λc is the training process that
produces the embeddings β, τ , attention mechanisms α,χ
and the mapping function f .

• The supplemental information ρ is the user-supplied
prompt σ.

• The generative process γ is implemented by iterating over
the embeddings/attention as shown in Algorithms 1 and 2;
note that unlike Wiggins, there is no explicit iteration in
the formulation here.

• The genotypic representation g is the latent l; note that
for systems that operate directly on tokens from the target
domain, there is no genotypic representation.

• The genotypic evaluation function Θg is not explicitly
represented but is to some extent implicitly encoded in
the probability distribution p or predicted noise e, using
the same argument as for Wiggins’s E ; however, there is
no notion of aborting the process as defined here.

• The translator τ is the decoder δ.
• The phenotypic evaluation function Θp is not repre-

sented at all, which this formulation makes more explicit
than does that of Wiggins because of the two levels of
evaluation. Note that the argument for alignment-as-a-
mechanism looks even weaker now because it is likely not
done on the final product, which is important in this ac-
counting. And again, there is no mechanism for aborting
the process.

FACE Framework
Colton, Charnley, and Pease’s approach elucidates eight dif-
ferent facets of a computationally creative system, charac-
terized by four levels of complexity: expressions, concepts,
aesthetics, framing; and two degrees of abstraction: ground-
level and process-level. These combinatorically generate the
eight types of creative act for which the FACE framework
accounts:

Eg: an expression of a concept
Ep: a method for generating expressions of a concept
Cg: a concept
Cp: a method for generating concepts
Ag: an aesthetic measure
Ap: a method for generating aesthetic measures
F g: an item of framing information
F p: a method for generating framing information

Creative acts superscripted with a g are ground-level pro-
cesses that generate concrete products. Those superscripted
with a p are meta-level acts that generate processes for gen-
erating concrete products. Characterizing system behavior
is done with a tuple that can contain exactly 0 or 1 of each
of the eight acts listed above. For further precision, it is
possible to attribute creative acts to a human user/developer



with an overbar notation. This is a powerful ontological ap-
proach that allows a careful characterization of what types
of creativity a system is capable. For example, the tu-
ple ⟨Eg,Ep,Cg,Cp,Ag⟩ describes a system that employs
a user-provided process cp to generate a concept cg . It then
employs a user-provided process ep to generate an expres-
sion eg of the concept cg . Finally, it applies a user-provided
aesthetic measure ag to the pair (cg, eg).

Considering each of the eight types of creative act for the
modern generative AI system:

• Eg is the function compose(a,G) from Algo-
rithms 1 and 2.

• Ep is represented by the embeddings β, τ , attention
mechanisms α,χ and the mapping function f .

• Cg is defined by the training data X̂, Ŷ (X̃, Ŷ ), for the
same reasons given above for Wiggins’ R.

• Cp is not represented, for similar arguments as those
given above—if Cg is defined by the training data, then
generating a new concept is effected by collecting new
training data, and current systems have no such mecha-
nism.

• Ag is to some extent implicitly encoded in the probability
distribution p or predicted noise e, using the same argu-
ments as for Wiggins’s E and Ventura’s Θg .

• Ap is not represented; if aesthetics are encoded by the ob-
jective function, then generating aesthetics must involve
inventing new objective functions, which modern systems
do not do.

• F g is not represented; note such functionality might be
thought of as producing the opposite of a prompt.

• F p is not represented.

To summarize, Colton, Charnley, and Pease might character-
ize the modern generative system thusly: ⟨Eg,Ep,Cg,Ag⟩,
with the overbars signifying that human developers have se-
lected the training data that produces sets X̂, Ŷ (X̃, Ŷ ).

Computational Creativity Spectrum
Finally, Ventura provides a simple, elegant if somewhat
whimsical account of a spectrum of computationally cre-
ative processes that ranges from “from definitely-mere-
generation to definitely-not-mere-generation”. It offers
seven prototypical, abstract algorithms that fall at intervals
along this spectrum and uses these landmark points to ar-
gue about where on the spectrum a system might become
something more than merely generative. These landmark al-
gorithms characterize different levels of generative/creative
ability:

1. Randomization: pure stochastic generation
2. Plagiarization: randomly choose an item from the in-

spiration/training set
3. Memorization: model the inspiration/training set and

regenerate an item from that set using the model
4. Generalization: model the inspiration/training set us-

ing some form of regularization that forces a com-
pressed representation and generate an item using the
regularized model

5. Filtration: introduce a fitness measure and use it
to generate-and-test using a model of the inspira-
tion/training set

6. Inception: additionally, introduce a knowledge-base
and use it as part of the generative mechanism in the
generate-and-test loop

7. Creation: additionally, introduce the ability for
grounded-perception and evaluate the (grounded) per-
ception of items in the generate-and-test loop

By comparing a CC system with the prototypical landmark
algorithms associated with each level, we can situate the sys-
tem along the spectrum. Considering each landmark in turn:

1. Randomization is realized by a model produced by
stopping training after line 1 in Algorithms 3 and 4.

2. Plagiarization is implemented by skipping training and
simply building a lookup table for the training data
X̂, Ŷ (X̃, Ŷ ).

3. Memorization is viable if the number of model param-
eters is large compared to the dataset. In fact, this has
been recently shown to be a problem even for systems
trained on lots of data (Ahmed et al. 2026).

4. Generalization is the normal expectation for modern
DNNs if the model size and amount of training data
are compatible

5. Filtration is not done explicitly, but Ventura argues that
filtering can also be done implicitly by baking it into
the generative process, and that is done in modern gen-
erative systems during training—it is encoded in the
embeddings β, τ , attention mechanisms α,χ and the
mapping function f .

6. Inception is less clear. One might argue that training
on vast amounts of data of many kinds can result in the
ability to do things like zero- or few-shot generation
that appears to suggest the (implicit) incorporation of
knowledge. However, modern generative systems are
often fluently wrong. Techniques like RAG attempt to
incorporate knowledge sources more explicitly.

7. Creation is not yet reached by modern systems because
they (at the least) do not incorporate grounded percep-
tion. Incorporating perceptual measures (such as per-
ceptual evaluation of audio quality [PEAQ] (Thiede et
al. 2000)) into the pipeline may be a step in the right
direction, but the intent here is deeper than a model
of human perception, it is declaring the necessity of
groundedness, which is lacking in modern systems.

Conclusion
Unsurprisingly, modern generative AI systems show well
against all four accountings of CC process. However, they
also exhibit areas of weakness, and, what is more, these
weaknesses are fairly consistent across methodologies.

Modern generative systems are very effective at produc-
ing plausible output, but they are constrained in how they
do it, and by design they are minimally creative—the objec-
tive function explicitly penalizes deviation from the training
data. Is there some way to facilitate “good” deviation? It has
recently been shown that neither temperature (Peeperkorn et
al. 2024) nor prompting (Morain and Ventura 2025) provide



such a mechanism. In fact, it is an open question whether
the mechanism of an objective function is sufficient for com-
puting creativity “error”. “The obvious” approach is to de-
sign an objective function that rewards novelty and value (or,
conversely, penalizes the lack thereof), but it is not at all ob-
vious how this should be done, even for a specific domain,
let alone in a domain-agnostic way that could apply to gen-
erative AI models in general.

Explicit artefact-level evaluation is also still lacking. Is
there a way to incorporate this directly into the generative
system? Or, could it be implemented as a separate mod-
ule that is incorporated into the pipeline in such a way as to
allow feedback into the generative mechanism? And, relat-
edly, is there a way for generative models to recognize “bad”
results, throw them away and start over? Some modern chat
models are beginning to entertain this idea in the sense of
incorporating the ability to answer “I don’t know” instead
of fluently generating falsities; however, at least anecdotally
this is currently more annoying than useful.

The invention of new concepts and aesthetic measures is
beyond the capability of current systems. For modern gener-
ative AI systems, these can be framed as choosing the train-
ing data and generation of objective functions, respectively.
Both of these meta-level tasks are currently performed by
the (human) designers of AI systems. What would it take to
allow instead the systems themselves to make these choices?
At the least, it seems some meta-level objective function
would be required to evaluate the efficacy of such choices.
This could possibly be realized as a type of meta-learning
system whose outer loop makes choices about data and/or
objectives and whose inner loop makes use of those choices.
Base-level objective error would have to be propagated back
to the outer-level to inform updates to the objective function
and/or training data. In the case of training data, this might
be realized using something like task distillation (Wilhelm
and Ventura 2025); in the case of objective function, it is
less clear how this might be done, as the natural approach
would trivially modify the objective function to eliminate
error in the inner loop. This begs a compelling question—
what makes a “good” objective function (which in this con-
text is just a variation on the age-old question of what makes
a “good” aesthetic)?

Modern generative AI systems lack the perceptual
grounding necessary to “understand” what they are doing.
One mechanism by which such grounding might provide
this kind of understanding is by acting as a bridge between
neural and cognitive models (Maher, Ventura, and Magerko
2023). Such a bridge may provide a synergism in which gen-
erative models can provide a mastery of domain (language,
image, audio, etc.) that is not currently possible with cog-
nitive models, while cognitive systems can provide models
for guiding and evaluating the output from generative mod-
els, aligning it with human values, offering ethical guardrails
and aesthetic judgments, and even improving explainability
and trustworthiness.

Framing is not (yet, at least) generally considered in mod-
ern generative systems. Is framing something we should
care about in this context? If so, how is it different than
product? One (obvious) possible approach is to have another

system produce framing, given the product, but that is prob-
lematic because it is more analogically similar to a critic,
which is not what is wanted. Another possible approach here
might be some kind of co-creative agentic system.

Speaking of co-creativity, it would be interesting to de-
velop a complementary analysis that considers modern gen-
erative AI as a co-creator with a human partner. Of course,
incorporating a human into the system changes the kinds of
questions that are interesting to ask. To the extent that hu-
mans possess creativity, the system will de facto be creative.
Instead, we may ask if the AI improves the human’s cre-
ativity/experience in some way, and, if so, how and by how
much; or, conversely, if it possibly makes the experience
worse and in what way; if the pair is somehow more cre-
ative/productive than either partner individually and in what
ways; if the partnership admits new kinds of creativity not
possible without it; etc.
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tau Yih, W.; Rocktäschel, T.; Riedel, S.; and Kiela, D.
2020. Retrieval-augmented generation for knowledge-
intensive NLP tasks. In Advances in Neural Information
Processing Systems, 9459–9474.

[Li et al. 2012] Li, B.; Zook, A.; Davis, N.; and Riedl, M.
2012. Goal-driven conceptual blending: A computational
approach for creativity. In Proc. 3rd Int. Conf. on Comp.
Creativity, 9–16.

[Li et al. 2024] Li, Y.; Yuan, R.; Zhang, G.; Ma, Y.;
Chen, X.; Yin, H.; Xiao, C.; Lin, C.; Ragni, A.; Bene-
tos, E.; Gyenge, N.; Dannenberg, R.; Liu, R.; Chen,
W.; Xia, G.; Shi, Y.; Huang, W.; Wang, Z.; Guo,
Y.; and Fu, J. 2024. MERT: Acoustic music under-
standing model with large-scale self-supervised training.
https://arxiv.org/abs/2306.00107.

[Liapis, Yannakakis, and Togelius 2015] Liapis, A.; Yan-
nakakis, G. N.; and Togelius, J. 2015. Constrained novelty
search: A study on game content generation. Evolutionary
Computation 23(1):101–129.

[Liu et al. 2019] Liu, Y.; Ott, M.; Goyal, N.; Du, J.; Joshi,
M.; Chen, D.; Levy, O.; Lewis, M.; Zettlemoyer, L.; and
Stoyanov, V. 2019. RoBERTa: A robustly optimized BERT
pretraining approach. https://arxiv.org/abs/1907.11692.

[Llano et al. 2014] Llano, M. T.; Hepworth, R.; Colton, S.;
Gow, J.; Charnley, J.; Lavrač, N.; Žnidaršič, M.; Perovšek,
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