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Abstract

What does it mean to create a new concept, rather
than retrieve a familiar one? Repeatedly sampling
a generative model at the same prompt produces
variations with similar styles and typical content.
We propose that creativity is the production of
stimuli that are unfamiliar to an adaptive observer
at first sight, but quickly learnable from a few ex-
posures. We formalize this as a Creator-Appraiser
pair: a Creator generates a candidate, an Ap-
praiser adapts to it for a few inner-loop learning
steps, and the Appraiser’s improvement becomes
the reward the Creator optimizes through. We
instantiate the framework with diffusion as the
Creator, an autoencoder Appraiser on MNIST,
and a CLIP Appraiser with a low-rank adapter
for natural images. The diffusion model remains
frozen with no additional language conditioning;
the meta-learning gradient is enough to produce
both stylistic variations and concept compositions
that the base model does not generate on its own.

1. Introduction

Humans recognize new concepts from just one or a few ex-
amples. Walking into a museum and encountering a Monet
painting is enough to begin grasping the “concept” of Im-
pressionism and to recognize its style in other works. But
this raises a more fundamental question: what does it mean
to create a new concept in the first place? While humans
and machines can readily learn concepts like Impressionism,
the creative act itself remains elusive. From the creator’s
perspective, how can we map the process of conceptual
creation into a computational framework?

Before defining creation, it helps to see that not all novelty
is meaningful. An infinite stream of white-noise images
is mathematically distinct sample by sample, yet each is
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perceptually indistinguishable from the next: they are new
but offer no structure to grasp. For a new concept to be
valuable, it must be grounded in our existing representations
of the world; it must, on some level, be understandable from
past experience.

Conversely, some things are perfectly understood but un-
interesting: a line, a square, or the sequence 1,2, 3,...1is
entirely comprehensible, yet lacks the novelty that makes a
creative act. A new concept worth creating must therefore
sit between these extremes—grounded enough to be assimi-
lable, yet carrying enough initial perplexity to engage the
observer.

One path to building creative artifacts is through novel com-
position of existing parts. A mermaid is imagined as a
human upper body fused with a fish tail; the verbal recipe
makes the creation easily described and learned. Composi-
tion, however, is not the only path. Some concepts are per-
ceived as monolithic: the color fields of Mark Rothko, the
iconic blue of Yves Klein, or the splash patterns of Jackson
Pollock are not naturally read as combinations of simpler
parts. A theory of creativity must accommodate both, and
the difference may lie in which layers of an information-
processing system are engaged.

Finally, an account of conceptual creativity must address
aesthetics, i.e. what makes a creation appealing to our senses.
Beyond evolutionary preferences, a powerful computational
handle is abstraction through compression. Many artistic
forms feature complex symmetries: Islamic geometric pat-
terns, Gothic architecture, and the repetition and structure
of musical composition are all highly compressible, in the
sense that a small fragment suffices to predict the whole.
Compressibility, however, is not universal: it depends on
what the observer already knows. Aesthetic judgment is
therefore partly an “acquired taste”; jazz can sound chaotic
on first listen and rich once the listener has internalized its
chord progressions and rhythmic motifs.

Together these examples sketch a picture of creativity at the
frontier of understanding: existing concepts form a repre-
sentation manifold built from past experience, and novel
concepts lie just beyond it—past what an observer’s current
representations can immediately predict, but close enough
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Figure 1. (a) Creativity happens at the frontier of understanding formed by existing concepts on the representation manifold learned from
past experience. (b) The Creator-Appraiser framework, with a Creator C' and an Appraiser A. A learns the concept ¢ created by C' in the
inner loop, while C’s goal in the outer loop is to make ¢ unfamiliar to A at first but highly learnable or memorable.

that a small update can assimilate them (Fig. 1a). Schmid-
huber (2010) formalized this as compression progress: a
stimulus is interesting when it improves an observer’s pre-
dictive model. What counts as creative, in this picture, is
therefore observer-relative: a stimulus is creative for an
observer whose existing representations cannot yet predict
it but whose representations can quickly be updated to do
so. We use adaptation, learning, and memorization inter-
changeably throughout, since our focus is the fast adaptation
of an observer’s memory to a single instance. As the title
suggests, we hypothesize that creativity is the process of
seeking concepts that are unfamiliar but memorable to the
observer in question.

The rest of the paper develops this idea computationally
by connecting it to meta-learning: an inner loop in which
the observer (later formalized as an Appraiser) tries to as-
similate the creative input, and an outer loop that refines
the input itself so that it begins as unfamiliar and ends as
memorable to that same observer after just a few internal
updates.

2. Creator-Appraiser Meta-Learning

We define an observer as a predictive system: an encoder
E that maps an input x to a representation z = E(z), and
a head H that emits a prediction whose discrepancy from
x we write as £L(H, E; ). The head can take many forms:
a decoder that reconstructs z, a next-token predictor over a
sequence, or a classifier that decides whether z belongs to
x versus a set of reference stimuli. We say the observer un-
derstands x when the prediction error L(H, E; ) is small.
This setup subsumes the predictive-modeling view of per-
ception (Rumelhart et al., 1986; Hinton et al., 2006; Kingma
& Welling, 2013; Vincent et al., 2008; Devlin et al., 2019;
He et al., 2022; Bengio et al., 2003; Assran et al., 2023).

A creator-relevant observer does not stay frozen. When

faced with a novel stimulus that its current representations
fail to predict, an adaptive observer updates a subset of its
parameters to accommodate it, and the Creator gets useful
feedback only because of this update. Concretely, novelty is
the initial prediction error, and aesthetics is the rate at which
a brief adaptation reduces that error. The value of a stimulus
is then the size of this drop. We assign this adaptive observer
to the role of an Appraiser: an observer that not only predicts
but also reports its own learning progress back to the creator.
We now formalize this in a bilevel optimization between a
Creator that generates and an Appraiser that adapts.

We formalize creativity as a bilevel optimization between a
Creator C and an Appraiser A. The two roles may be played
by the same individual: an artist creates and perceives their
own work. The Appraiser is a predictive system with a pre-
existing world representation; it is unaware of the Creator
and simply minimizes its own prediction error on whatever
input it sees. When presented with ¢, the Appraiser’s inner
loop adapts its weights ¢ to minimize its prediction error:

ménﬁAw,@;c), )

where 6 are the Appraiser’s frozen world-knowledge
weights. The Appraiser’s learning progress serves as re-
ward for the Creator. The Creator’s outer-loop objective
is

mcinﬁc(c) = La(¢r,05¢) — La(do,0;¢), ()

where ¢ are the initial and ¢ the post-adaptation weights.
¢ is reset between Creator iterations to simulate a naive first
impression for each candidate concept.

To parameterize the concept, the Creator can optimize pa-
rameters £ such that ¢ = C(z;€) is produced in one shot
from a prompt z:

mginﬁA(éT,@;C(x;ﬁ))—EA(¢0,9;C(x;€))- 3)
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Figure 2. Implementation of the Creator-Appraiser setup. We illustrate both the autoencoder and CLIP appraisers. ¢ denotes the adaptation

parameter in the Appraiser for concept learning.

Reward. Writing Lo = £ 4(¢o, 0; ¢) for the unfamiliarity
(initial prediction error) and Ly = L (¢r,0;¢) for the
residual unfamiliarity (post-adaptation), the core reward is
simply the inner-loop improvement:

R=1Ly— Lr. 4

The framework is loss-agnostic: £4 may be reconstruction
MSE, contrastive cross-entropy, or any other predictive error
reducible by inner-loop adaptation. The full bilevel meta-
gradient procedure is summarized in Algorithm 1.

Algorithm 1 Creator-Appraiser Meta-Learning (one outer
iteration).

Require: Creator C' with learnable variable &; Appraiser A
with slow weights 6 and fast-weight initialization ¢;
loss L 4; inner steps 7', inner LR «; outer LR 7.

1: é + C(&) {generate (intermediate or final) candidate}
2: ¢ < ¢ {reset Appraiser fast weights for first impres-
sion}
3 Lo La(6,0; ¢)
fork=1,...,T do
¢ — ¢ —aVyLa(p,0; ¢) {inner-loop, differen-
tiable in £}

end for

by« L4(,0; ¢)

R « {y — {1 {learning-progress reward }

£ < £+ 1 V¢ R {meta-gradient update on Creator }

DA

eI

In our experiments, the outer iteration is run once per denois-
ing step of a diffusion Creator, with ¢ being the predicted
clean output :iét) at step ¢t and £ being either the noise latent
(MNIST) or the text embedding (natural images). The same
template applies to any iterative or one-shot generator with

a differentiable parameter.

2.1. Appraiser instantiations

The framework is agnostic to the choice of Appraiser. We
describe two concrete instantiations that we use in our ex-
periments (Figure 2): an Autoencoder Appraiser (used for

the MNIST experiments) and a CLIP Appraiser (used for
the natural image experiments).

2.1.1. AUTOENCODER APPRAISER

The encoder E is frozen and pretrained (e.g. classifica-
tion, self-supervised learning, etc.); the decoder H is a
lightweight network pretrained to reconstruct training im-
ages from E’s features. The inner loop fine-tunes the de-
coder on the single candidate image ¢ with reconstruction
loss (MSE), and the reward is the loss improvement after
K steps. The Appraiser thus rewards inputs the decoder
can quickly assimilate from its existing representations, and
gives near-zero reward on noise-like inputs that the decoder
cannot fit at all.

Reward shaping. For the autoencoder Appraiser, the raw
improvement Ly — L1 over-rewards high-noise inputs (large
initial reconstruction loss to recover from) even when no
meaningful structure has emerged. We therefore multiply
the improvement by two Gaussian-shaped gates that con-
strain Ly and L to a “learnable yet unfamiliar” region:

Rapea = (Lo — L) - go(Lo) - g7 (L), )]

with a complexity gate go(Lo) = exp(— (Lo — po)?/(203))
targeting an ideal initial error pg, and a success gate
gr(L7) = exp(—Ly/7) rewarding low final error. Each
factor is necessary: the complexity gate avoids both familiar
low-L inputs and noise-like high-Lg inputs; the success
gate ensures the decoder actually fits the input.

2.1.2. CLIP APPRAISER

The Autoencoder Appraiser ties learnability to a domain-
specific encoder—decoder pair pretrained on the target dis-
tribution. This is a clean fit for purely visual settings
like MNIST. Natural image generation is different in two
ways. First, many pretrained creative models are fext-
conditioned: the prompt names the concept and the Ap-
praiser must judge whether the candidate fits that concept,
so the learnability signal needs to live in a joint vision—
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language space. Second, even setting that aside, pretrain-
ing a high-fidelity natural-image decoder is expensive, and
the reconstruction loss would be dominated by pixel-level
texture rather than concept-level fit. We therefore instan-
tiate the Appraiser on top of a frozen vision-language en-
coder pair: we use CLIP (Radford et al., 2021) with both
image and text encoders frozen, projecting into a shared
embedding space where matching image-text pairs have
high cosine similarity. The inner loop fine-tunes a low-rank
adapter (Hu et al., 2022) of rank 7 on the text projection
layer, W, = Wiexi+AB with A initialized to zero. The K-
step inner loop updates A and B to maximize cos(eimg, Crext)>
where €y is the LoRA-adapted text feature; the reward is
the similarity improvement R = simy — simg. Rank 7 re-
stricts adaptation capacity: at small 7, the inner loop cannot
trivially memorize any image’s direction in K steps. With
the LoRA adapter, the similarity-improvement reward R
alone is sufficient without the need for additional reward
shaping.

3. Experiments

We evaluate our framework in two settings: (1) an MNIST
setting that validates the core learnability signal and the
unfamiliarity—learnability frontier with the Autoencoder Ap-
praiser, and (2) a natural-image setting using Stable Diffu-
sion with the CLIP-LoRA Appraiser.

3.1. MNIST

Setup. The Appraiser uses a LeNet-style encoder (two
Conv+ReLU+Pool blocks) mapping to a 512-d feature
space, and a transposed-convolutional decoder reconstruct-
ing 32x 32 grayscale images. Both are pretrained on MNIST
(encoder: classification; decoder: pixel MSE). The Creator
is a pretrained DDPM (Ho et al., 2020). At each denois-
ing step ¢, the Appraiser’s decoder is cloned and fine-tuned
on the current predicted clean image j:ét) for K inner-loop
steps, and the shaped reward is back-propagated into the
diffusion latent: z; + z; + nvztR(;i'ét)), where 7 is the
guidance scale.

Learnability frontier. We evaluate the Appraiser on stim-
uli spanning the unfamiliarity—learnability space: MNIST
test digits (familiar, structured), Greek and Korean charac-
ters from Omniglot (unfamiliar, structured), Gaussian noise
(unfamiliar, unstructured), and noise-blended MNIST digits
at 30%, 50%, and 70% noise ratios. The blended images are
key: they share L( with structured Omniglot scripts but lack
coherent structure, allowing us to test whether learnability
detects structure beyond what L alone predicts.

Figure 3 shows the outcome. Our outputs occupy the bottom-
right of the (Lg, L) plane: unfamiliar yet highly learnable.
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Figure 3. Unfamiliarity—learnability space for the MNIST Ap-
praiser. Our outputs occupy the bottom-right: unfamiliar (Lo ~
0.28) yet highly learnable (L7 =~ 0.005). Noise (top-right) is
unfamiliar but unlearnable; in-distribution digits are learnable but
familiar.
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Figure 4. Our generations at increasing guidance scales 7. Un-
guided samples resemble MNIST digits. As 7 increases, outputs
become more novel while retaining coherent stroke structure.

Noise occupies the opposite corner. Figure 4 shows gen-
erated images across guidance scales: unguided samples
resemble MNIST digits; as ) increases, outputs become pro-
gressively more novel while retaining coherent stroke-like
structure.

Why the improvement term matters. One might ob-
ject that the shaped reward reduces to gated unfamiliarity.
The complexity gate alone scores Korean and 30%-blended
MNIST nearly identically (gg ~ 0.94-0.99), but adding the
improvement term separates them: Korean achieves 2x the
raw improvement of 30%-blend at similar Lg. In the overlap
zone (Lo € [0.05,0.15]), the rank correlation between the
gate and the shaped reward is p = —0.10, while between
raw improvement and shaped reward it is p = 0.91—the
improvement term carries the discriminative signal.

Baseline comparison. Figure 5 plots our method against
random noise perturbation (o, € {2,5,10,20}) and
ProCreate-style repulsive guidance (Lu et al., 2024) (n €
{1,2,5,10,20,50,100}) in the (Lo, L7) plane. Random
perturbation stays near the origin (familiar and learnable).
Repulsive guidance rides the diagonal L1 ~ Ly: deviation
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without structure. Only our method decisively crosses below
the diagonal at high L.

3.2. Natural Images

We instantiate the framework on natural image generation
using the CLIP Appraiser (Section 2.1.2) paired with a Sta-
ble Diffusion v1.5 Creator (Rombach et al., 2022). The Cre-
ator’s learnable variable is the fext embedding: the prompt is
encoded once, the encoded representation becomes a learn-
able parameter, and the meta-gradient updates it at each
denoising step (Gal et al., 2023). This puts the search in
semantic space rather than pixel space, which we found
necessary for the Appraiser’s reward to track concept-level
fit.

Setup. For each prompt we sweep LoRA rank r €
{4,8,16,32} with K=10 inner-loop steps at outer-loop
guidance n = 10, generating 100 samples per (prompt,
rank) cell. We use 20 prompts in total: 13 ImageNet class-
conditioned (“a photo of a {class}”) and 7 open-ended (e.g.,
“stained-glass cathedral interior at night”).

Measures. We report three quantities throughout. (i) simg:
the cosine similarity between the generated image’s CLIP
embedding and the prompt’s text embedding under the
frozen CLIP model (no LoRA); this is also the inner-loop
initial similarity, hence the subscript. As an off-the-shelf
recognizability check, simg = 0.20 indicates the image
is still mapped to the prompt by an observer that has not
seen the adapter. (ii) Asim = simp — simg: the similar-
ity improvement after the K -step LoRA inner loop; this
is the inner-loop reward, and what the meta-gradient op-
timizes. Because simp uses the adapted CLIP and simg
uses the frozen one, the two are independent. (iii) The
Qwen2.5-VL-7B (Bai et al., 2025) relevance score on a 0—
10 scale, judging whether the prompt’s concept is present in
the image; the VLM pass rate (fraction with score > 5) is a
stricter, CLIP-independent on-prompt check, with details in
Appendix B.

Results. Figure 6 shows representative picks; the vanilla
SD baselines on the right are uniformly photorealistic and
on-prompt. The picks veer into concepts that the text
prompt never asked for: a lion in autumn-leaf form and
a metamorphosis-style lion side face; multiple golden re-
trievers in novel coloration, body shape, and proportion; a
cheeseburger rendered as a sunset landscape; a daisy re-
duced to a black-and-white interior—exterior abstraction
where the petals dissolve into ink strokes; another daisy
with an egg-yolk center ringed by tissue-like rectangles; a
pastel oil-painted volcano; magenta-colored bioluminescent
jellyfish. None of these are in the prompt—the input string
was simply “a photo of a daisy” or “a photo of a lion”—

and the diffusion weights are not fine-tuned. The entire
creative deviation is discovered inside the latent prompt
embedding by the meta-gradient acting on the inner-loop
learning-progress signal.

Capacity-vs-fidelity trade-off. Figure 7 traces this trade-
off across the four LoRA ranks we sweep: vanilla SD has
simg ~ 0.27 with no adapter to apply; at r=4 our method
already drops simg to 0.19 with Asim = 0.25, and as rank
grows Asim rises monotonically to 0.70 at r=32 while simg
continues to drift down to 0.15. The cost shows up in the
VLM-relevance acceptance rate, which falls from ~ 65%
at =4 to = 12% at r=32: lower rank acts as the capacity
gate, the inner LoRA cannot memorize off-manifold images
and the meta-gradient is implicitly constrained to stay near
the prompt’s class; higher rank lifts that constraint and occa-
sionally pushes embeddings into stylistically dramatic but
off-class regions.

Reachability beyond vanilla. Are our creative outputs
simply re-discoveries of samples that vanilla Stable Diffu-
sion would also produce, given enough draws? To answer
this, for each of the 20 prompts we test we draw N = 1000
vanilla samples to form a sample set V', embed both vanilla
and Creator-Appraiser samples with a frozen DINOv2 ViT-
L/14 (Oquab et al., 2024), and compute nearest-neighbor
cosine distance. To exclude off-class cases, we restrict the
CA side to samples that pass a Qwen2.5-VL relevance check
at > 5 on a 0-10 scale. On this comparison, our r=8 out-
puts achieve a median 5x (range 2—20x) farther from any
vanilla sample than vanilla samples land from each other;
the CA sample distribution is also ~ 3.7 x wider internally
than vanilla, ruling out a single shifted mode. The gap grows
monotonically with LoRA rank: median Jg rises from 0.42
at 7=41t0 0.70 at =32 while the intra-vanilla baseline holds
at ~ 0.11. This result shows that the meta-gradient discov-
ers regions of the diffusion model’s output space that vanilla
sampling does not reach at N = 1000. Per-prompt numbers
and the nearest neighbor sample figure are in Appendix C.

4. Related Work

Computational creativity. A persistent question is
whether machines can create at all; Ada Lovelace famously
argued that Babbage’s Analytical Engine “has no preten-
sions whatever to originate anything” (Lovelace, 1843).
We take the position that creativity is best defined oper-
ationally, by its effect on an observer; on that definition,
machines can create, and the question becomes how to build
them. The broader field of Computational Creativity has
modeled creative behavior in machines for decades (see
survey (Franceschelli & Musolesi, 2024)). Boden (2004)’s
distinction between exploratory (within an existing space)
and transformational (reshaping the space itself) creativ-
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ity is the standard reference, though in our framework the
two interact: each new creation both probes the observer’s
current representations and updates them.

Schmidhuber (2010) proposed a formal theory of creativity
based on compression progress: a stimulus is “interesting”
to an observer when it improves the observer’s predictive
model. The key difference in our work is that the Creator is
aware of the Appraiser’s inner-loop learning progress: it is
updated by meta-gradient through the Appraiser’s adapta-
tion, not just by a scalar reward. Realizing this in a modern
vision generative model requires differentiating through dif-
fusion sampling and through an inner loop on a CLIP-LoRA
Appraiser. Follow-up work (e.g. POWERPLAY (Srivastava
et al., 2013)) aimed at RL task completion rather than visual
creation. Our reward shaping also resonates with Berlyne
(1960)’s arousal theory in psychology, where aesthetic plea-
sure peaks at intermediate novelty and complexity, neither
too simple nor too overwhelming.

Deep generative models and creativity. Modern deep
generative models, Generative Adversarial Networks
(GANs) (Goodfellow et al., 2014), particularly Style-
GAN (Karras et al., 2019), and more recently diffusion mod-
els (Ho et al., 2020), have become the dominant paradigm
for high-fidelity image generation by modeling the underly-
ing data manifold. Creative Adversarial Networks (Elgam-
mal et al., 2017) extended GANS by training the generator
to deviate from learned artistic styles while remaining aes-
thetically plausible. Earlier work (Gatys et al., 2016) hinted
at a layered separation of content and style in deep features.
However, the apparent creativity of these models is, by de-
fault, largely a consequence of recombining concepts and
styles already present in the training distribution (Richard-
son et al., 2024; Feng et al., 2025), and obtaining outputs

further from typical sampling generally requires careful
prompt engineering.

Several recent works have proposed explicit mechanisms
for creative generation in diffusion models. Lu et al. (2024)
guide diffusion away from existing training examples using
a propulsive energy term that repels generated samples from
specific reference images. Han et al. (2025) enhance creativ-
ity by amplifying low-frequency components in early diffu-
sion layers. Golan et al. (2025) use vision-language models
to adaptively construct negative prompts that steer genera-
tion toward unconventional outputs. While these methods
differ in mechanism, they share a common strategy: en-
couraging the generator to deviate from its typical output
distribution. Our approach introduces an orthogonal objec-
tive. Rather than defining creativity through deviation alone,
we optimize for learnability—the generated output must
be not only unfamiliar to the observer but also structured
enough to be rapidly learned. Deviation-based methods can
produce novel but incoherent outputs; learnability provides
a principled constraint that selects for structured novelty.

Adversarial, actor-critic, and meta-learning frameworks.
The Creator-Appraiser structure resembles the generator-
discriminator dynamic in GANs (Goodfellow et al., 2014)
and the actor-critic framework in RL (Sutton & Barto, 2018),
but with two key differences. Unlike a GAN discriminator,
which trains jointly with the generator toward a fixed deci-
sion boundary at equilibrium, the Appraiser is a dynamic
learner re-initialized for each creation, and the Creator is
rewarded not for fooling it but for the inner-loop learning
progress a brief, bounded adaptation produces on that single
artifact. The actor-critic analogy is closer in spirit: like a
critic, the Appraiser scores artifacts so the Creator can be
improved against it — but its “value” is not a long-horizon
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Figure 6. Curated outputs from the CLIP-LoRA Appraiser at LoRA rank r € {8, 32}, n = 10. Each row shows four samples from our
method (left) and two vanilla SD samples (right) for the same prompt; rows 1-5 are ImageNet class-conditioned, rows 6—7 are open-ended
text prompts. The meta-gradient produces visually distinct stylistic interpretations within each prompt.

return, it is the learning progress the Appraiser itself makes
when adapting to the just-produced artifact, in the spirit of
intrinsic-motivation rewards based on prediction improve-
ment (Schmidhuber, 2010; Pathak et al., 2017). There is
no environment, no temporal credit assignment, and no
shared parameters; the Appraiser is reset between creations

rather than slowly tracking a moving target. The inner-loop
adaptation draws on meta-learning (Finn et al., 2017), and
the text-embedding optimization relates to Textual Inver-
sion (Gal et al., 2023), though with a learnability rather than
reconstruction objective.
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5. Conclusion

We have proposed a Creator-Appraiser framework that casts
creativity as the production of artifacts initially unfamiliar
yet rapidly learnable to an adaptive observer, and showed
that a meta-gradient through a brief inner-loop adaptation
reliably produces diffusion outputs substantially different
from repeated sampling at a fixed prompt. Our framing is
currently limited to the perceptual value but not functional
value, and the criterion is plausibly necessary but not suffi-
cient for what humans call creativity. The Appraiser is also
memoryless across creations; an observer with longer-range
memory could in principle mark a stimulus as “learnable in
the context of having recently seen related stimuli,” opening
room for context-dependent and curriculum-driven creativ-
ity. Finally, while we instantiate the framework on image
diffusion, the Creator-Appraiser structure transfers to any
generator paired with an adaptive predictor; extending it to
language, music, or interactive design can be natural future
directions.
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Appendix
A. Additional Experiments

1181412|41012 N8 17
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Repulsive n=2

Unguided

Repulsive n=5

CCML n=2

CCML n=5

Figure 8. Representative images from each method. Unguided: standard DDPM digits. Random perturbation (o, = 2, 5): outputs are
nearly identical to unguided—the diffusion process absorbs the noise. Repulsive guidance (n = 2, 5, 10): images become progressively
corrupted; higher repulsion produces more unfamiliar but incoherent outputs. Ours (n = 2, 5; 1+ = 0.08): novel, glyph-like patterns with
coherent stroke structure.

B. Automatic Top-K Pipeline and Outputs Across More Prompts

The samples in the main-text Figure 6 were manually curated. To complement them with evidence of representativeness,
we describe a fully automatic curation pipeline below and apply it to a new set of prompts not shown in the main text
(Figure 13).

Generation. For each new prompt, we run the same Creator-Appraiser pipeline as in Section 3.2: a Stable Diffusion
v1.5 Creator with the prompt embedding as the learnable variable, a frozen CLIP ViT-L/14 image encoder, and a LoRA
inner loop on CLIP’s text projection. We sweep LoRA rank r € {4, 8} and produce 100 samples per (prompt, rank) cell at
outer-loop guidance 7 = 10, K = 10 inner-loop steps with learning rate 10~3, and 50 denoising steps.

Per-image scoring. Every generated image is scored along three axes:
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Figure 9. Effect of guidance scale 1 on generated image statistics (¢ = 0.15). (a) Unfamiliarity Lo saturates quickly beyond n = 2.
(b) Residual unfamiliarity L+ drops monotonically—higher 1 produces more learnable outputs.

* sim, the frozen-CLIP image-text cosine similarity with the prompt (no LoRA). This is the inner-loop initial similarity.

¢ Asim = simp — simg, the similarity improvement after a fresh K -step LoRA inner loop on the saved image. This
re-scores the image against the same predictor used during generation.

* A Qwen2.5-VL-7B-Instruct relevance score (Bai et al., 2025) on a 010 scale, prompted to judge whether the prompt’s
concept is recognizable in the image, explicitly instructed not to lower the score for stylistic departure. This signal is
independent of CLIP; the two encoders share no parameters.

Gating and ranking. We pass an image through the gate if simg > 0.12 AND the VLM relevance is > 5. The sim( gate
only rejects clearly-broken outputs, and the VLM gate is a more meaningful relevance check. Survivors are ranked by Asim
in descending order; the top-8 are kept as candidate picks.

Sampling for the figure. For each prompt we randomly sample 6 of the top-8 with a fixed seed. The sampling step gives
some within-prompt diversity (avoiding the degenerate case where all top-K are subtle variations of the single highest-Asim
image) without re-introducing manual curation.

C. Reachability: DINOv2 Distance from the Vanilla Samples

We measure this with N = 1000 vanilla samples per prompt; embed both vanilla and CA outputs with a frozen DINOv2
ViT-L/14 (Oquab et al., 2024), L,-normalize, and report nearest-neighbor cosine distances, mirroring the per-sample rarity
construction of Han et al. (2022). For a CA sample z, dy (z) = ming ey ||f(z) — f(2')| measures how far z is from the
vanilla set V; for a vanilla sample ', dy (') = ming» ey {21y || f(2") — f(2")|| is the typical distance within V.

Shown in Table 1, our =8 outputs are a median 5x farther from any vanilla sample than vanilla samples vary from each
other. Across all 20 prompts in our figures, this ratio ranges from 2x (neon samurai in rain) up to 20x (peacock). The
reachability gap grows monotonically with LoRA rank: median Jg rises from 0.42 at r=4 to 0.70 at r=32 while the
intra-vanilla baseline holds at ~ 0.11. The CA distribution is also ~ 3.7x wider internally than the vanilla is from itself,
ruling out the “shifted single mode” interpretation. Simply sampling more from a vanilla diffusion model does not reach the
same outputs at N = 1000.

Figure 14 visualizes this directly: each picked CA sample is paired with its DINOv2-nearest vanilla counterpart from the
1000-sample set. In the rightmost pair of the Daisy row of Figure 14, our sample matches the vanilla counterpart’s lighting,
background tone, and even rough framing, but the flower head itself adopts a different geometry, with petals that read as
ink-stroke abstractions rather than the photographic daisy that vanilla converges to.
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Figure 10. Effect of ideal initial loss y on generated image statistics (7 = 10). (a) Unfamiliarity Lo scales linearly with p, confirming
the complexity gate controls the unfamiliarity target as designed. (b) Residual unfamiliarity L+ remains flat (= 0.006) regardless of
p—Tlearnability is consistently high.

Effect of LoRA rank. Figure 15 shows the same prompt rendered at r € {4, 8, 16, 32}, with the top Best-of-N pick
(scored by Qwen2.5-VL relevance > 5, ranked by Asim) shown per cell. The progression is monotone in two senses:
visually, low-rank cells stay close to the photograph and high-rank cells push toward stylization, abstraction, or texture;
quantitatively, Jg and the inner-loop reward Asim both grow with rank (Table 1).

D. Per-Prompt Natural Image Results

Tables 1 and 2 report per-prompt numbers across the four LoRA ranks for the 20 prompts we test. Means and medians at the
bottom of each table are taken over the prompts present in each column.
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Table 1. Per-prompt DINOV2 reachability across LORA ranks. dy is the intra-vanilla nearest-neighbor cosine distance (|V'|=1000
samples per prompt); the four rank columns give d &, the mean nearest-neighbor distance from each Creator-Appraiser sample to its
nearest vanilla sample, computed over the subset of CA samples that pass the Qwen2.5-VL relevance gate (> 5).

ay d S at LoRA rank

Prompt (intra-V) r=4 r=8 r=16 r=32
ImageNet class prompts

balloon 0.199 0.379 0.521 0518  0.597
brown bear 0.036 0.207 0477 0.609 0.787
castle 0.285 0.566 0.655 0.708 0.820
cheeseburger 0.084 0.212 0.387 0419 0.509
daisy 0.160 0469 0.659 0.740 0.665
espresso 0.102 0422 0564 0.662 0.703
flamingo 0.038 0.099 0.206 0.309 0.505
golden retriever 0.104 0420 0.537 0.675 0.821
jellyfish 0.067 0.388 0.600 0.688 0.709
lighthouse 0.144 0.300 0.341 0451 0.493
lion 0.030 0.165 0.405 0.399 0.522
peacock 0.014 0.111  0.279 0.440 0.605
volcano 0.068 0.287 0.445 0.584 0.698
Open-ended prompts

alien botanical garden 0.220 0.631 0.769 0.765 0.796
ancient library lit by fireflies 0.204 0.657 0.736  0.777  0.799
bioluminescent jellyfish 0.122 0.590 0.643 0.664 0.690
fortune teller’s tent at twilight 0.189 0.511 0.635 0.756 0.743
neon samurai in rain 0.281 0.488 0.607 0.696 0.729
stained-glass cathedral interior 0.122 0.514 0.679 0.784 0.860
translucent koi swimming in clouds 0.053 0480 0.627 0.746 0.674
Mean 0.126 0.395 0.539 0.620 0.686
Median 0.113 0421 0.582 0.670 0.700

Table 2. Per-prompt natural image results, restricted to CA samples passing the Qwen2.5-VL relevance gate (> 5). simg is frozen-CLIP
image-text cosine at t=0; Asim is the inner-loop reward. Vanilla SD column has no inner loop, so only simg is reported.

Vanilla SD Ours  (simg / Asim)
Prompt simg r=4 r=8 r=16 r=32
ImageNet class prompts
balloon 0.26 0.23/0.22 0.20/038 0.21/054 0.21/0.64
brown bear 0.27 0.21/0.23 0.18/041 0.17/0.59 0.11/0.73
castle 0.23 0.20/0.21 0.20/036 0.19/0.53 0.18/0.66
cheeseburger 0.25 0.23/0.23 0.22/040 0.20/0.58 0.18/0.69
daisy 0.27 0.22/0.23 0.20/041 0.17/0.60 0.20/0.64
espresso 0.24 0.21/0.22 0.21/038 0.18/0.55 0.16/0.69
flamingo 0.29 025/024 0.24/041 0.23/0.58 0.18/0.68
golden retriever 0.28 0.18/0.26 0.18/0.44 0.16/0.63 0.15/0.74
jellyfish 0.27 0.19/0.24 0.16/041 0.14/0.61 0.14/0.70
lighthouse 0.25 0.22/0.22 021/038 0.20/0.55 0.20/0.66
lion 0.26 0.23/0.22 0227038 0.21/056 0.17/0.68
peacock 0.29 0.23/0.26 021/043 0.19/0.60 0.17/0.70
volcano 0.24 0.19/0.24 0.19/039 0.19/0.57 0.17/0.69
Open-ended prompts
alien botanical garden 0.27 0.14/0.23 0.13/040 0.12/0.58 0.12/0.70
ancient library lit by fireflies 0.28 0.13/0.28 0.11/047 0.09/0.66 0.08/0.75
bioluminescent jellyfish 0.28 0.10/0.28 0.10/047 0.09/0.66 0.09/0.75
fortune teller’s tent at twilight 0.25 0.19/0.28 0.16/0.46 0.14/0.64 0.14/0.71
neon samurai in rain 0.34 0.15/029 0.11/047 0.08/0.66 0.06/0.76
stained-glass cathedral interior 0.25 0.17/0.26 0.14/044 0.11/0.64 0.08/0.76
translucent koi swimming in clouds 0.27 0.18/0.29 0.16/049 0.10/0.69 0.19/0.67
Mean 0.27 0.19/0.25 0.18/042 0.16/0.60 0.15/0.70
Median 0.27 0.20/0.24 0.19/041 0.17/0.59 0.16/0.70
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Figure 11. Generated images across ideal initial loss p values (n = 10). Lower p produces thinner, more glyph-like forms; higher p
encourages thicker strokes and greater departure from the training distribution.
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Figure 12. Layer-specific learnability. The shaped reward when fine-tuning only individual decoder layers during the inner loop, against
fine-tuning the full decoder (rightmost). Adapting only the first (high-level, semantic) layer recovers most of the full-decoder reward
across categories, while adapting only the last (low-level, textural) layer yields near-zero improvement on every category — learnability is
driven by semantic-level adaptation, not by low-level pattern fitting.
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Peacock

Espresso

Lighthouse

Alien Botanical Garden

Fortune Teller's Tent at Twilight

Figure 13. Automatic top-K outputs from the Creator-Appraiser framework on 10 additional prompts not shown in the main text. Each
row is one prompt; six columns are the random sample of top-8 by Asim within the relevance gate (seed fixed). No manual curation.
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Ours

Ours
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Figure 14. Each picked Creator-Appraiser sample (top of each pair) shown alongside its DINOv2-nearest neighbor (bottom of each
pair) selected from 1000 vanilla Stable Diffusion samples. Top 7 prompts are the manually curated picks from Figure 6; bottom 3 are
automatically curated picks from Figure 13 (peacock, an alien botanical garden, neon samurai in rain).
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Figure 15. Effect of LoRA rank: Per prompt, the top Best-of-N survivor (Qwen2.5-VL relevance > 5, ranked by Asim) at LoRA
rank r € {4,8,16,32}. As rank grows the inner LORA gains capacity to assimilate increasingly out-of-distribution outputs, so the
meta-gradient is free to push the diffusion sample further from the prompt.
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