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Abstract

Generative models, such as text-to-image mod-
els, excel at taking textual prompts and pro-
ducing semantically faithful outputs. However,
the user’s ability to control the level of creativ-
ity of the output remains limited. We intro-
duce Concept-Level Temperature (Concept-τ ),
a novel framework for controlling creativity
in generative models. Unlike existing meth-
ods that operate on low-level features (tokens,
noise, etc.), Concept-τ operates at a higher
level of abstraction; it systematically identifies
decisions left underspecified by the prompt and
realizes them according to a creativity parame-
ter, creating a structured exploration space.

In this work, we design general criteria for
a creativity parameter, and implement an in-
terpretable, model-agnostic method to satisfy
them. We demonstrate our ideas on the text-to-
image domain; empirical evaluation, both qual-
itative and quantitative, shows that Concept-τ
significantly outperforms baseline methods in
creative modulation and enhancement.

1 Introduction

Generative models have rapidly become tools for
creative exploration, enabling users to produce im-
ages, text, and other outputs from simple prompts
(Minaee et al., 2024; Ramesh et al., 2022; Podell
et al., 2024; Nichol et al., 2022; Ding et al., 2022;
Balaji et al., 2023; Rombach et al., 2022; Dhariwal
and Nichol, 2021). Yet, a key limitation remains:
while the user can specify what should appear in
the output, they often cannot meaningfully specify
how much creativity the model should apply.

This challenge arises because prompts are inher-
ently underspecified. Each prompt leaves many
semantic choices unresolved, creating a large space
of possible outputs. However, current generative
models provide little principled control over how
this space is explored.

“A train on a train track near many trees”

Temperature-based approach

Naive prompting

c
Low c Medium c High c Extreme c

Concept-T

Figure 1: Images obtained via Concept-τ (top)
vs. temperature-based and naive prompting approaches
(Section 4), as the creativity parameter increases.

Naive prompting strategies, such as explicitly
instructing the model to “be more creative" or in-
cluding a numerical creativity score in the prompt,
often fail to produce consistent or controllable vari-
ation, frequently collapsing to a small set of outputs
(Han et al., 2025b; Mizrahi et al., 2026; Jentzsch
and Kersting, 2023).

Existing control mechanisms, such as tempera-
ture in language models (Zhang et al., 2024) and
classifier-free guidance (CFG) in diffusion mod-
els (Ho and Salimans, 2021), modulate variability
at the level of sampling (e.g., token distributions,
noise scales or gradient magnitudes). Because
these parameters operate on low-level representa-
tions, their effects on the semantic decisions that
define creative variation are indirect and difficult
to interpret, often leading to semantic drift, over-
constraining or chaotic sampling regimes (Peep-
erkorn et al., 2024; Shen et al., 2024; Biroli et al.,
2024). Other lines of work attempt to directly
optimize for creativity (Richardson et al., 2024;
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Han et al., 2025b; Ismayilzada et al., 2025), but
these methods are typically tied to specific archi-
tectures and provide limited interpretability, and
many struggle with complex inputs. As a result,
users still lack a principled way to control the level
of creativity in outputs.

Creativity is commonly defined as a combination
of novelty and utility (Boden, 1991; Mumford,
2003). This view provides a principled lens for
our use case: creative control should meaningfully
balance originality with semantic coherence.

In this work, we formalize general criteria for a
creativity parameter for creative control of gen-
erative models, including monotonicity, diversity,
utility and coverage. We introduce Concept-Level
Temperature (Concept-τ ), a novel framework for
controlling creativity in generative models, and
demonstrate it in the text-to-image (T2I) domain.
See Figure 1 (top) for example outputs.

Unlike previous work, Concept-τ operates at a
higher level of abstraction, systematically identi-
fying decisions left underspecified by the prompt
and realizing them according to a controllable
creativity parameter (e.g., the color, type, or
cargo of the train in the prompt “A train on a train
track near many trees”, Figure 1). This produces a
structured exploration space of possible outputs,
from obvious to highly inventive. Importantly, our
contribution is not in the idea of prompt rewriting
per se, but in how these prompts are systematically
constructed to allow modeling and controlling cre-
ativity through a parameter.

Concept-level controls align with human-like ab-
straction and compositional reasoning (Lake et al.,
2017), enabling creativity to be modulated at the
level where semantic decisions are actually made.
We argue that this kind of parameter offers a more
interpretable and effective lever for creative control
than existing methods. Our contributions are:
• We introduce an interpretable, model-agnostic

framework for controlling creativity in genera-
tive models via a continuous parameter operat-
ing over concept-level semantic decisions. We
define key desiderata and an evaluation protocol.

• We demonstrate our ideas in the T2I domain. Ex-
tensive empirical evaluation combining quantita-
tive, qualitative, and user studies show that our
approach significantly outperforming baselines
in creative modulation and enhancement.

• We show a proof-of-concept of adapting our
method to another domain (recipes).

• We release all data and code1.

2 Creativity Parameter: Desiderata

We start by describing our general setting. Let
MG(d, θ) be a generative model (for instance, a
text-to-image model). The inputs to MG include
a textual prompt d and a vector of parameters
θ. Let f(c, d, θ) = ⟨d′, θ′⟩ be a (potentially non-
deterministic) function that takes as input a creativ-
ity parameter c and modifies the inputs of MG, con-
trolling the creativity of the output MG(f(c, d, θ)).

The definition of f is deliberately flexible. In this
work, we focus on modifying the textual prompt
d, but other works might explore injecting creativ-
ity through different model parameters.

We now establish the criteria a creativity param-
eter should meet. In line with creativity literature
(Boden, 1991; Mumford, 2003), creativity is com-
monly characterized as the combination of novelty
(often operationalized as surprise) and value (or
utility). Thus, we posit that the role of a creativity
parameter is to increase novelty while maintaining
utility of the outputs. Formally, creativity param-
eter c should satisfy the following properties:
P1. Monotonic Linear Novelty: The perceived

novelty of the output should increase monoton-
ically and approximately linearly with c. This
is for ensuring a consistent, predictable scaling
of novelty with respect to c.
In surprisal theory, novelty arises from ac-
cumulation of unexpected elements, each
contributing novelty proportional to its self-
information (− logP (x)) (Shannon, 1948;
Hale, 2001; Levy, 2008; Itti and Baldi, 2009).
It is therefore natural to think of increasing c
as progressively injecting additional surprising
elements into the output. However, while in
theory these contributions are additive, human
perception of creativity exhibits diminishing
returns (Cannan, 1892; Brue, 1993): succes-
sive surprises have progressively smaller im-
pacts (see Figure 3; the impact of “glowing
hair” is amplified when introduced into a sim-
ple scene, compared to a scene that already
includes other surprising elements).
To preserve a roughly linear behavior, incre-
ments in c should therefore induce progres-
sively more extreme surprise, compensating
for saturation.

1Code and data: https://github.com/LevinDana/
concept_level_temp_code.
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Figure 2: Concept-Level Temperature framework for image generation. We construct a concept graph G from the
information missing in d, (§3.1) and assign each concept a creativity level (§3.2). For each concept, we generate
candidate values across k creativity levels, conditioned on the iteratively updated d. We then select a sample based
on the predefined creativity level (§3.3) and update d. After processing all concepts, the augmented description d′ is
passed to a T2I model to produce the final image.

B1A1 B2A2

Figure 3: Illustration of diminishing returns: for prompt
‘Girl in the forest’, adding colorful glowing hair has a
much larger impact on A1 (plain scene) than on B1,
which already has several surprising elements (the girl
floats, trees are burning...)

P2. Wide Novelty Range: Output created with
different values of c should span a wide range
of novelty, from the most predictable to highly
surprising realizations of d.

P3. Diversity: If f is non-deterministic, we ex-
pect outputs sampled with higher c’s to ex-
hibit more diversity than outputs sampled with
lower c’s, as creativity can take many forms.

P4. Utility Preservation: Applying f does not
degrade the utility of the outputs across the en-
tire range of c. This ensures that the enriched
prompt d′ will remain faithful to the original
prompt d (i.e., entailment: d′ → d). The def-
inition of utility might also include domain-
specific aspects (e.g., in recipe generation, in-
gredients are edible; see Section 5).

3 Method

In this work we focus on injecting creativity
through the prompt d′; we believe this is a natural
choice for many generative models. We demon-
strate our ideas in the domain of image generation.
Given input prompt d (e.g., “A cat sitting on a
closed laptop”) and creativity parameter c ∈ [0, 1],
our goal is to generate an enriched prompt d′ in a
way that adheres to the specifications of §2.

Our framework is based on the observation that
the original prompt contains underspecified ele-
ments, delineating the space within which choices
(more or less creative) can be made.

We define a structure we call a Concept Graph
G. This graph captures concepts implied by the
input prompt (cat, laptop), as well as concepts left
underspecified (e.g., the cat’s breed or pose). This
representation allows the model to modulate cre-
ativity at a high level of abstraction.

Our framework includes three key steps (Figure
2). First, we construct the concept graph G from
d (§3.1). Next, we assign a creativity level to each
underspecified concept (§3.2). Finally, we traverse
G and sample values for concepts according to their
assigned creativity levels (§3.3).

3.1 Creating the Concept Graph

We construct the concept graph G by identifying
unspecified concepts in d such as the cat’s breed.
These concepts are organized into a structured
graph representation G = (V,E), where:

• Nodes V represent concepts. V includes both
utility concepts meant to satisfy property P4,
preserving faithfulness to d (e.g., “cat”, “lap-
top”), and novelty concepts, which are not
explicitly determined by d and thus left for
choosing (“breed”). Utility concepts whose
value is mentioned in d (“closed laptop”) have
this value captured in G (“state=closed”), oth-
erwise the value is left open.
Importantly, concepts are dynamic and can
expand to additional concepts. For in-
stance, in Figure 2, when a waterfall is
sampled, it spawns concepts such as “water
color”,“volume”. Concepts can also be re-
moved when prior assignments render them
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Algorithm 1: Surprise Allocation Function
Assign(n, k, c)

Input: n: number of concepts
k: number of discrete surprise levels
c ∈ [0, 1]: creativity parameter
Output: Number of concepts corresponding

to each surprise level
Function Assign(n, k, c):

if k = 1 then
Assign the value n to l1;
return allocation vector
(lk, lk−1, . . . , l1);

// num. concepts at level k
m← ⌊hk(c) · n⌋;
Assign m to lk;
// rescale c to next interval
[cleft, cright]← {c′ | ⌊hk(c′) ·n⌋ = m} ;

c← c− cleft

cright − cleft

Assign(n−m, k − 1, c);

irrelevant (e.g., sampling “back to camera” as
the figure’s position occludes its expression).

• Edges E denote concept hierarchy. For ex-
ample, the edge (“cat”,“breed”) denotes that
“breed” is a sub-concept of “cat”.

To obtain G, we leverage the broad world knowl-
edge encoded in LLMs. Our prompt includes few-
shot examples showing how a description d maps
to a concept graph G. The examples also guide
the LLM towards what constitutes utility and nov-
elty in the domain. See Appendix A and code for
implementation details.

3.2 Assigning Surprise Levels
After constructing the graph G, we assign a sur-
prise level to each concept such that the overall
surprise follows the properties of §2. We operate
under the assumption that there are k surprise lev-
els, and they are quantitatively different (i.e., a
concept sampled from level i+1 contributes more
surprise than any number of concepts at levels i or
below). In practice, k is small (comparable to the
values of a Likert scale).
Computing Allocation Vector. We design a sur-
prise allocation function Assign, that takes c, num-
ber of concepts n and a number of surprise levels
k as parameters. Assign returns an allocation vec-
tor (lk, lk−1, . . . , l1),

∑︁
i li = n, determining the

number of concepts in each level.

Assign employs a top-down hierarchical allo-
cation scheme (Algorithm 1): It starts at level k
(most surprising), determining the portion of con-
cepts assigned to it. The algorithm then continues
recursively to distribute portions of the remaining
concepts to lower levels until reaching level 1 (least
surprising), which receives all remaining concepts.

Assign is designed so that increases in c corre-
spond to (approximately) linear increases in per-
ceived surprise; to compensate for the concave na-
ture of human perception of surprise, Assign em-
ploys helper functions hi, which are convex, sur-
jective, non-decreasing functions in [0, 1]→ [0, 1]
to determine the portion of concepts for each level
it reaches. In practice, x2 and x3 seem to be work-
ing well; see Appendix A for details. If concepts
are dynamically added or removed from G, we
recompute it dynamically.

Importantly, we design Assign such that:

Theorem 1. Let n be a positive integer. For any
allocation (lk, lk−1, . . . , l1) such that

∑︁k
i=1 li =

n, there exists a constant c ∈ [0, 1] such that
Assign(n, k, c) = (lk, lk−1, . . . , l1).

Theorem 2. For any c1, c2 ∈ [0, 1], c1 > c2:

Assign(n, k, c1) ⪰L Assign(n, k, c2),

where ≻L denotes the lexicographic order.

In other words, Assign has full coverage of the
output space. In particular, when c = 0, all con-
cepts occupy the lowest level (fully predictable);
when c = 1, all are at the highest level. In ad-
dition, if c1 > c2, at the highest level where the
assignments differ, the number of concepts in c1
is strictly greater than c2. This design stems from
our assumption about surprise levels being quan-
titatively different, with the top level dominating
perceived surprise. See Appendix F for proofs.

Assigning Surprise Levels to Concepts. After
computing the number of concepts to assign to each
surprise level, we need to assign surprise levels to
the actual concepts. We note that some concepts
have a very limited outcome space (e.g., “season”)
and thus have limited surprise potential. We assign
concepts to levels at random according to the com-
puted vector, while prioritizing nodes with higher
surprise potential for the higher levels; concepts
with limited surprise potential will be assigned
higher levels of surprise only if required to satisfy
the distribution (see Appendix A for details).
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3.3 Sampling Concept values

We traverse G in a breadth-first manner, sampling
parent concepts before their sub-concepts (as sub-
concepts’ values might depend on the parents’).

For each concept, we first construct a candidate
pool of values across k surprise levels, aiming to
keep the levels qualitatively different. For instance,
for concept “Tree type” and k = 3 levels, level 1
should include conventional options (oak), level 2 –
unique yet plausible options (Baobab), and level 3
– unrealistic options (tree made of ice). The candi-
date pool is generated by prompting an LLM with
the updated context (including already-sampled val-
ues) and few-shot examples demonstrating the cre-
ativity scale. See details in Appendix A. We chose
not to rely on the model’s internal surprise esti-
mates for reasons explained in §5.2.

4 Evaluation

To evaluate the effectiveness of Concept-τ for cre-
ativity modulation, we assess whether it empiri-
cally satisfies the four properties of §2.

4.1 Methods

Concept-level Temperature. In our Concept-τ im-
plementation we use GPT-5.2 (Singh et al., 2026)
to construct the graph G and sample values for con-
cepts For simplicity, we choose to keep G static.
We set the number of creativity levels k to 3 (highly
predictable values, surprising but plausible, out-of-
the-box). See details in Appendix A.

Naive prompting. We prompt gpt-5.2 to generate
a detailed T2I prompt at a creativity value in the
range 0-10.

As noted earlier, temperature is the primary
parameter used to modulate creativity in LLMs.
Thus, we construct two natural baselines, which
are temperature-based and model-agnostic.

Token Temperature (Token-τ ). In this (straight-
forward) approach, an LLM with controlled tem-
perature is tasked with adding details to the original
prompt d. We use Llama-3-8B-Instruct (Grattafiori
et al., 2024) since GPT models do not expose or
guarantee a standard implementation of tempera-
ture, making comparisons unreliable (see Appendix
C.5 for additional results on decoupling model and
algorithm effects).

Structured Temperature (Structure-τ ). To de-
couple the effect of our concept graph G from our

method of assigning values, we construct a base-
line that takes G and uses an LLM (Llama-3-8B-
Instruct) with controlled temperature to generate a
value for each concept (e.g., The cat’s action is...).
This baseline also serves as ablation.

See implementation details of all baselines in
Appendix B.

4.2 Data

We randomly sampled 20 image descriptions2

from the COCO dataset (Lin et al., 2014) (e.g.,
“Train on a track near many trees”). We use
gemini-2.5-flash-image as the T2I generative
model MG. For each description d, we include:
• Source image: MG(d), image generated from d.
• Concept-τ : twelve enriched descriptions d′,

(three images × four creativity levels). We se-
lect the creativity level values uniformly across
the full operational range of c: clow = 0, cmid =
0.33, chigh = 0.66, cext = 1. Each d′ is rendered
into an image MG(d

′).
• Temperature based methods: for Token-τ and

Structure-τ we follow the same procedure as
Concept-τ but slightly modify the operational
range: clow = 0.1 (so we do not get deterministic
behavior), cmid = 0.5, chigh = 1. We set the
highest level cext = 1.5 (with top-k = 50) as
higher values produced incoherent outputs and
significantly degraded utility (see Appendix B).

• Naive Prompting for Naïve-τ we set clow =
0, cmid = 3.5, chigh = 6.5, cext = 10.

4.3 Distance

To perform a Quantitative Analysis, a basic build-
ing block we need to define is a distance metric.
Since text-based embeddings are highly sensitive
to linguistic features irrelevant to the visual scene
(length, structure, etc.), and the enriched texts differ
significantly in such features, we instead measure
distances in the visual domain. Specifically, we
compute cosine distance between CLIP image em-
beddings (Radford et al., 2021).

4.4 User Study Settings

To evaluate how Concept-τ compares to the base-
lines from a human perspective, we collect human
annotations through Prolific.com, recruiting 50 par-
ticipants from the US and UK with approval rate

2Datasets in the area of creative image generation are typi-
cally of comparable size (Richardson et al., 2024; Han et al.,
2025b).
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≥ 98%, ≥500 submissions. We compensate partic-
ipants at a rate of 1.2 GBP (12.4 GBP per hour).

Annotators are asked to rank images across four
creativity levels, from 1 (Low) to 4 (Extreme) (see
Appendix D); a screening task ensured they un-
derstood the instructions. We sampled a random
description for each of the four methods (order of
methods was randomized), showing the participant
all 12 generated images for this method. In total,
we collect 2,400 annotations. No PII was collected
beyond Prolific’s basic demographics.

4.5 Results
We now review the results for each property of §2.

Monotonic Linear Novelty (P1) A creativity pa-
rameter should exhibit a monotonic, roughly linear
relationship with the perceived novelty of the gen-
erated output. To evaluate whether this holds in
our method, we compute Pearson and Kendall-tau
correlations between human annotations and the
creativity levels c from which they were derived.

Table 1 (left) shows that Concept-τ achieves
significantly higher linear and monotonic cor-
relations than all baseline methods. Results of
Spearman correlations are similar (Appendix C).

Refer to Figure 1 and Appendix C to see how
Concept-τ increases output novelty with c, Token-
τ and Structure-τ exhibit stable (low) novelty, and
Naïve-τ only increases novelty at the extreme level.

To quantitatively reinforce these findings, we
assign each output a quantitative surprise score
which we correlate with c. Intuitively, outputs that
deviate further from their source descriptions are
more novel. We compute the distance (Section 4.3)
between MG(d

′) and MG(d). Table 1 shows the
correlation. The results closely mirror the human
evaluation: Concept-τ exhibits stronger correla-
tions with c than baselines across all metrics.

As a reality check, we verify the quantita-
tive surprise scores correlate with human judg-
ments. Concept-τ , Token-τ , Structure-τ , Naïve-τ
achieved Pearson correlation of 0.73, 0.32, 0.04,
0.77 respectively (for Structure-τ , humans showed
near-zero correlation with c, so this was expected).

Spanning a Wide Novelty Range (P2) To evalu-
ate how effectively the creativity parameter covers
the novelty range, we report the average human
ratings for images generated with clow, cmid, chigh
and cext (Figure 4, left). Ratings were on a scale
of 1 (low) to 4 (extreme). Concept-τ ’s perceived
surprise increases markedly with c, covering the

Figure 4: Averages of user scores and CLIP distances
by creativity level. Concept-τ successfully covers a
wide novelty range with high and low value at extremes.
Scores are detailed in Appendix C.

entire range. Thus, our algorithm achieves P2. In
contrast, Token-τ and Structure-τ achieve novelty
scores only slightly higher than minimum. Naïve-τ
achieves top and bottom levels but does not capture
the intermediate range.

We corroborate this result quantitatively using
the distance-based quantitative surprise scores in-
troduced above (Figure 4, right).

Diversity (P3) To quantitatively measure diver-
sity, we report average CLIP distances between
all pairs of images of the same scene MG(d

′) (Ta-
ble 1, middle). CONCEPT-τ exhibits substantially
higher diversity than the baseline approaches.

We further examine how diversity varies with
c. We expect that as c increases, both intra-level
and inter-level diversity will rise. Figure 5 presents
the average cosine distances between CLIP embed-
dings for all pairs of creativity levels (distances
measured only between images of the same scene).

For Concept-τ , we note that inter-level diversity
(off-diagnoal) generally increases: images gener-
ated at more distant creativity levels differ sub-
stantially. As for intra-level diversity (diagonals),
images at clow are much more similar to each other
than those at higher levels. In contrast, baselines
exhibit lower and less structured diversity.

Utility (P4) We define utility for the T2I domain
as prompt faithfulness: the output should satisfy d.

By design, our framework explicitly attempts to
preserve the information in d. Consider the prompt

“A pizza on a white plate.” Concepts specified in
d (“plate color = white”) become utility concepts,
and we do not sample their value. New concepts
(“plate material”) become novelty concepts.

Novelty concepts may introduce contradictions;
e.g., sampling “rubies” for material would contra-
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User Study CLIP Utility
Method τ ρ Diversity τ ρ errprompt errimage errquality

Concept-τ 0.75 ± 0.02 0.83 ± 0.02 0.3 ± 0.0 0.59 ± 0.03 0.74 ± 0.03 0.02 ± 0.01 0.07±0.02 0.02 ± 0.01
Token-τ 0.16± 0.04 0.17± 0.04 0.14 ± 0.0 0.14 ± 0.05 0.2 ± 0.06 0.03 ± 0.01 0.05 ± 0.01 0.93 ± 0.02
Structure-τ 0.1± 0.04 0.11± 0.04 0.12 ± 0.0 0.01 ± 0.05 0.03 ± 0.06 0.0 ± 0.0 0.02 ± 0.01 0.72 ± 0.03
Naïve-τ 0.66± 0.02 0.75± 0.02 0.21 ± 0.0 0.44 ± 0.04 0.64 ± 0.04 0.0 ± 0.0 0.01 ± 0.01 0.0 ± 0.0

Table 1: Left: Pearson (ρ) and Kendall-τ (τ ) correlation between the user study results and the creativity levels used
to generate the images. Middle: Pearson and Kendall-τ correlation using CLIP scores and diversity score (average
CLIP distances). Right: Error rates for unfaithfulness in d′ (errprompt), unfaithfulness in MG(d′) (errimage) and poor
text quality (errquality). Results in bold are best. Values following ± indicate standard errors. Concept-τ significantly
outperforms the baselines in terms of correlation, diversity, and text quality, while exhibiting a marginally higher
error rate in output faithfulness. Full correlations, including Spearman, are available in Appendix C
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Figure 5: CLIP-based average cosine distances between
creativity levels. Cell (i, j) shows distance between all
images generated at levels i, j. Concept-τ outperforms
the baselines in intra-level and inter-level diversity.

dict the white color3. To assess the prevalence and
type of such violations, we manually annotated
all outputs with respect to three types of poten-
tial errors: Unfaithfulness in d′ – contradictions
introduced in the augmented text; unfaithfulness in
MG(d

′) – contradictions stemming from the text-
to-image model MG; and low quality, where d′

contains irrelevant information or gibberish.

From the results (Table 1, right) we observe that
contradictions are rare across all approaches, par-
ticularly at the augmentation stage. As expected,
Token-τ and Structure-τ produce a substantial num-
ber of poorly written augmentations. Additional
details are provided in Appendix C.

3Sampling is done in context of known information, so it
is unlikely to sample rubies for a white plate; however, LLMs
make mistakes.

5 Discussion

5.1 Generalization to other domains

We have demonstrated our ideas on text-to-image,
but the framework we have presented is general,
and can be adapted to a range of creativity-driven
domains such as short story, script, and recipe gen-
eration. We now demonstrate a proof-of-concept
of adapting Concept-τ to recipe generation. Im-
portantly, the overall algorithm remains consistent
with that used for T2I generation. The primary
differences are (1) different in-context examples,
tailored to the culinary domain, and (2) the defini-
tion of utility, in addition to being faithful to the
prompt, should reflect domain-specific aspects (i.e.,
the recipe must include only real, edible ingredi-
ents, and taste good). In Figure 6 we show exam-
ples of recipes generated for the prompt “burger”,
sampled at different creativity levels (images gen-
erated for the sake of presentation; the outputs in
this domain are purely textual). Although the for-
malization of “utility” warrants further refinement
(particularly around the “tastes good” aspect), we
find these outputs encouraging. See Appendix E.2
for more details on our proof-of-concept.

5.2 LLM internal probabilities

A natural question to ask is why we generate candi-
dates of different levels of surprise using prompting
instead of ranking candidates via self-information.

While appealing in theory, a core limitation of
using LLM internal probabilities is that they are not
trained to model visual surprise. For example, the
table below shows self-information for several sen-
tence completions. Numbers indicate − log(p), so
candidates are sorted from less surprising to more
surprising; colors indicate our approach’s judgment
of surprise, where darker is more surprising. Thus,
according to the LLM’s internal probabilities, find-
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c Low c Medium c High c Extreme c

Figure 6: Proof-of-concept in a different domain: Examples of burger recipes generated at different creativity levels.
Images generated for the sake of presentation; the outputs in this domain are purely textual.

ing a twig in a forest is less likely than a piano
or a ship. While this may be true textually, it is
counterintuitive in a visual context; in contrast, our
approach correctly captures human intuition.

The girl’s hair
color is

The type of
tree is

In the forest
there is a

brown 2.7 oak 6.3 tree 3.8
green 5.6 inverted 17.8 piano 13.5
rainbow 13.4 stone 18.0 ship 14.3
almond 16.0 cactus 18.4 shrub 16.3
cocoa 17.2 joshua 21.4 twig 16.5

6 Related Work

Image Creativity Enhancement Several works
have attempted to enhance image creativity. Con-
ceptLab (Richardson et al., 2024) aims to gener-
ate new members of a broad semantic category
(e.g., pet), while C3 (Han et al., 2025b) directly
amplifies feature maps during the denoising pro-
cess. In contrast to Concept-τ , these approaches are
architecture- and model-dependent and often fail
to generalize to complex, constraint-laden scenes.
POET (Han et al., 2025a) increases output diversity
by expanding prompts along automatically discov-
ered homogeneous dimensions derived from gen-
erated images. Although both approaches share
a similar sub-task of detecting missing concepts,
Concept-τ detects concepts that are comparable to
POET while offering a simpler, more computation-
ally efficient, and more interpretable framework. In
addition, all of these approaches do not explicitly
address creative modulation or the formulation of
a controllable creativity parameter.

LLM Creativity Enhancement Previous work
explored LLM creative enhancement through meth-
ods such as recombination (Mizrahi et al., 2026)
(the process of combining several elements to cre-
ate something new) or reinforcement learning with

Figure 7: Concept-τ can control different aspects of an
image at varying creativity levels. In this example we
adjust the creativity of “train” and “forest” individually,
rather than changing the global image creativity.

signals relating to surprise and diversity (CrPO (Is-
mayilzada et al., 2025)) or denial prompting (Lu
et al., 2025). While these methods improve creative
output quality, they do not explore mechanisms for
controllable creative modulation. CrPO requires
retraining the model to alter its creativity level,
whereas our approach operates at inference time
and enables direct control over creativity.

7 Conclusion and Future Work

We introduced Concept-τ , a novel framework for
creative modulation and enhancement in generative
models, and demonstrated it in the text-to-image
domain. Concept-τ explores the conceptual space
left undefined by textual prompts, enabling explicit
and interpretable control over creative generation.

We have defined properties that a creativity
parameter should satisfy, and demonstrated that
Concept-τ satisfies them, significantly outperform-
ing baselines. We release data and code.

In the future, we envision applying the method to
other domains (see Section 5.1). Another straight-
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forward extension is to allow more fine-grained
control via our structured representation G. Figure
7 demonstrates how we can easily use our approach
to control creativity of specific parts of an image
locally (train vs. forest), rather than globally.

Finally, the framework can also be inverted to
compute a distance metric between a prompt and an
output, quantifying the creativity of the output (see
Appendix E.1 for more details on this direction).

More broadly, our framework aligns with the
emerging paradigm of interactive creative explo-
ration (Baek et al., 2023; Adamkiewicz et al., 2025;
Brade et al., 2023). By enabling users to modulate
creativity at the level of semantic decisions, it opens
new possibilities for systematically exploring the
space of outputs induced by a prompt. We hope
this perspective will advance the understanding and
control of creativity in generative models.

Limitations

Generalizability. Our framework is general but
not domain-agnostic. To apply it to a new domain
(e.g., stories, poems, recipes), one might need to
tweak the few-shot examples to reflect the domain,
as well as notions of surprise and utility (see Ap-
pendix E.2).

Inappropriate Attributes. LLM-generated at-
tributes might not be appropriate, e.g., “Invisible”
for “Cat fur”. Though rare, we believe such issues
could be ameliorated with improved prompting,
fine-tuning, or filtering.

Mode collapse. While our approach reduces mode
collapse and increases diversity by sampling at the
concept level (vs. sampling the whole scene), mode
collapse still occurs, especially for concepts sam-
pled at high surprise levels (repetition of clocks,
galaxies, etc.). We believe this issue can be mit-
igated by inserting random external concepts for
inspiration.

Reliance on Powerful Models. Generating can-
didates for each concept can be computationally
expensive, as it relies on powerful LLMs. However,
we believe that this cost can be substantially re-
duced through common techniques such as caching
frequently used elements and attributes and distill-
ing knowledge into smaller models.

Ethical Considerations

This study poses minimal direct ethical risks. How-
ever, the concept of novelty and creativity is cul-

turally dependent and socially constructed. Be-
cause our evaluation relies on outputs generated
by a large language model, the notion of novelty
reflected in the results may be influenced by biases
present in the model’s training data.

We used a large language model (LLM) solely
for paraphrasing purposes, and all generated out-
puts were carefully reviewed and verified for accu-
racy.
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A Concept-τ Technical Details

Here we discuss the full technical details for the
implementation of Concept-τ for image generation.

A.1 Constructing G

Concept Graph Construction For constructing
the concept graph, we employ two in-context ex-
amples to probe the language model (gpt-5.2). In
our adaptation for image generation, concepts cor-
respond to visual objects and attributes – for exam-
ple, cat breed, fur appearance, age, action, etc. We
prompt the LLM to construct the graph of missing
concept as a python file so we can parse it later. We
start with an initial prompt and then chain the out-
put to an additional editing prompt which checks
for potential errors. We demonstrate below one of
the python classes generated through the process
as an example of G. The prompts themselves are
available in the code files.

Below is an example of G corresponding to the
input d = “A train on a train-track near many trees.”

class Train:
def __init__(self):

self.type = get_options("train-type") #
The train type is <MASK>. # Examples:
(modern passenger train, Level1),
(steam locomotive, Level2),
(levitating maglev with no visible
wheels, Level3). # train type

↪→
↪→
↪→
↪→
↪→
self.appearance =

get_options("train-appearance") #
The train appearance is <MASK>. #
Examples: (painted metal with
windows, Level1), (graffiti-covered
and patched, Level2), (made of
stained glass with moving
constellations inside, Level3). #
train appearance

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
self.condition = select(["New",

"Well-maintained", "Worn", "Rusty",
"Repaired"]) # The train condition
is <MASK>. # train condition

↪→
↪→
↪→
self.cargo_or_passengers = get_options(" ⌋

train-cargo-or-passengers") # The
train carries <MASK>. # Examples:
(commuters visible through windows,
Level1), (stacked timber and crates,
Level2), (a traveling greenhouse
ecosystem in each car, Level3). #
what the train carries

↪→
↪→
↪→
↪→
↪→
↪→
↪→
self.extra_detail =

get_options("extra-detail") # The
train has an extra detail which is
<MASK>. # Examples: (none, Level1),
(a vintage brass nameplate and
whistle, Level2), (a ribbon of
floating lanterns orbiting the
engine, Level3). # train extra detail

↪→
↪→
↪→
↪→
↪→
↪→
↪→

class TrainTrack:
def __init__(self):
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self.type = get_options("traintrack-type")
# The traintrack type is <MASK>. #
Examples: (standard steel rails on
wooden sleepers, Level1), (old
narrow-gauge track, Level2), (crystal
rails that glow when the train
approaches, Level3). # track type

↪→
↪→
↪→
↪→
↪→
↪→
self.condition = select(["New",

"Maintained", "Overgrown",
"Weathered", "Damaged"]) # The track
condition is <MASK>. # track
condition

↪→
↪→
↪→
↪→
self.surrounding_ground = get_options("t ⌋

rack-surrounding-ground") # The
ground around the track is <MASK>. #
Examples: (gravel ballast and dirt,
Level1), (wildflowers and tall grass,
Level2), (soft moss that forms
patterns like circuitry, Level3). #
ground around track

↪→
↪→
↪→
↪→
↪→
↪→
↪→

class TreesArea:
def __init__(self):

self.tree_type = get_options("tree-type")
# The trees are <MASK>. # Examples:
(pines and oaks, Level1), (cherry
blossoms, Level2), (towering trees
with translucent bark and visible
flowing sap-light, Level3). # tree
type

↪→
↪→
↪→
↪→
↪→
↪→
self.density = select(["Sparse",

"Scattered", "Many", "Dense",
"Impenetrable"]) # The tree density
is <MASK>. # tree density

↪→
↪→
↪→
self.understory =

get_options("forest-understory") #
The understory is <MASK>. # Examples:
(ferns and bushes, Level1),
(mushrooms and fallen logs, Level2),
(bioluminescent vines forming
archways, Level3). # understory

↪→
↪→
↪→
↪→
↪→
↪→

class Scene:
def __init__(self):

self.train = Train() # dictated by
initial prompt "A train"↪→

self.traintrack = TrainTrack() # dictated
by initial prompt "on a traintrack"↪→

self.trees_area = TreesArea() # dictated
by initial prompt "near many trees"↪→

Each line’s structure and associated comments
are later used both to route the concept to its cor-
responding process and to serve as input for the
candidate generation stage.

In our adaptation, the concept graph G is kept
static. This choice reflects the practical limita-
tions of current text-to-image models: excessive
numbers of dynamically added concepts typically
degrade image quality because fine-grained details
cannot be reliably visualized.

A.2 Assign Parameters

Here we specify the parameters of the surprise al-
location function Assign:

1. k = 3: the number of creativity levels;
2. Level 3 helper function: h3(x) = x3;

3. Level 2 helper function: h2(x) = x2.
Helper functions hi should be convex, surjec-

tive, non-decreasing functions in [0, 1]→ [0, 1] to
determine the portion of concepts for each level
it reaches. In practice, we observed that both
x2 and x3 seem to be working well. We choose
h3(x) = x3 and h2(x) = x2 to reflect the stronger
qualitative jump in perceived surprise at level 3.
Since level 3 represents the most surprising out-
comes, we use the steeper function x3 so that h3(c)
stays small until c is sufficiently high. In contrast,
the helper function x2 allows level-2 concepts to
appear earlier as c increases.

A.3 Candidate Generation

When we generate a candidate pool for a concept
we route it into one of two types of processes:

1. Limited candidate mapping - In the construc-
tion of G some attribute concepts are inher-
ently limited in number and creativity level
of candidates. For instance, “Season” has
only four potential values: Winter, Summer,
Spring, and Fall. The candidates for such
concepts are already generated when G is con-
structed. For such a concept we simply use a
prompt to map the already established candi-
dates into creativity levels.

2. Attribute generation - We generate a long list
of options in k = 3 surprise levels using few
shot learning.

The routing to those processes is done using the
representation of G. The full prompts are available
in the code files.

B Baselines Implementation Details

B.1 Choice of Maximal Temperature

As we show in Figure 8, temperature tends to com-
promise text utility when set too high. To make
sure all baseline outputs adhere to the utility con-
straint, we first set k = 50 so that sampled tokens
would not be completely random (we try to avoid
tokens such as Chinese characters which tend to
appear when k is not limited). Secondly, we limit
the maximal temperature to 1.5 as values set higher
significantly harm legibility. To demonstrate we
provide a full textual example of Token-τ for an
output generated at temperature t = 2 (see Figure
9). For generation we use as the LLM Llama3-
8b-instruct (same model we use for all results for
Token-τ ).
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“A cat sitting on top of a closed laptop”

T
0.0 0.25 0.5 0.75 1.0 1.25 1.5 1.75

Laptop open no laptop
Utility breaks severely

Create an image of a 
domestic cat, 
preferably a tabby or 
calico…

Create an image of a 
domestic cat, 
preferably a tabby or 
calico…

Create an image of a 
domestic cat, 
approximately 10-12 
inches in length…

Create an image of a 
domestic cat, 
approximately 2-3 
years old…

Create a high-
resolution photo-
realistic image of a 
domestic cat…

Create an image of a 
domestic long-haired 
grey cat, with flecks of 
darker grey on … seated 
BT Optima…

Elements may include 
triangulan.Download 
TensorFlow 
solutionDifferent 
perspectives khắc thiết

reate a picturesque can 
Ubuntu 
Unixbench42aunch 
complete.Caption 
strict+\')(data has

“A red-haired girl in the forest with her back to the camera”

T
0.0 0.25 0.5 0.75 1.0 1.25 1.5 1.75

Facing camera
Utility breaks severely

Create an image of a 
young girl with bright 
red hair, standing in a 
dense forest with tall…

Create an image of a 
young girl with bright 
red hair, standing in a 
dense forest with …

A young girl with fiery 
red hair, tied back in a 
ponytail with a few 
loose strands framing 
her face

Create an image of a 
young girl with bright, 
fiery red hair, standing 
alone in a dense and 
misty forest. She is …

Create an image of a 
young girl with bright 
red hair that falls in 
loose waves down her 
back … 

Create an image of a 
girl with bright red hair, 
reminiscent of fire …. 
xp电型证…

1980s nostalgia 
condenses onscreen 
as we find a feisty red-
haired girl with a wild 
mixture … Go歌olem

Sr Rosa sacrifice 
stones -studentsHost
KokS Marseille…

Figure 8: Demonstration of the limitations of token-level temperature using both the generated text (the beginning
of the output) and the images derived from that text. In both examples, we observe that surprise does not increase
substantially with t until t becomes too large, at which point utility is severely compromised. For instance, in the
prompt “Cat on a laptop,” increasing t initially leads to minor degradations – the laptop may be open when it should
be closed, or may disappear entirely –until eventually, at sufficiently high t, the output collapses into gibberish. We
observe similar behavior with “girl in the forest,” where the subject may no longer face the camera or the forest may
disappear entirely. This pattern is clearly visible in the text outputs themselves, which gradually become nonsensical
as temperature increases.

Input: Augment the following prompt into a detailed text-to-image prompt: A pizza and cutter on
a white plate and a drink.

Output: Create an image of a round white plate lying flat on a surface with 360 deg surroundings
not visible. Place exactly one freshly cooked, partially cut juicy, mouth-watering-looking cheese
covered vegetarian pizza on the center-upper quadrant of the plate. Arrange seven or eight large
pepperocini mushroom-slices harmoniously evenly distributed on half of the pizza in a semi-grid
like order. Scatter six cherry tomatoes on around six distinct spots without overlap across the other
half, forming an attractive visually balance. To enhance the composition, add fresh basil leaves
artfully drizzled on top, creating a gentle pattern reminiscent of the pepperocini distribution On the
very center-top quarter area of the plate place ONE crisp-new rectangular glass glass-pint of clear
ice-cold pure liquid drink on white plate on table, which has the slight reflection of LED-lensed
lighting to catch eye. Show exactly on ONE side view of any angle facing 40+45-5 as its viewing
direction and slightly leaning, almost-touching or brushing against table surface, because of its
curved corner touching flat table, this creates a clean visual connection. It seems an informal-daily
or take-out eating setting. Background must have pure white un-pattern-no-object as to visually
contrast strong image’s colors.

Figure 9: Textual example of Token-τ when the temperature is t = 2.
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B.2 Token-τ Algorithm Details
In this (straightforward) approach, we use Llama-
3-8B-Instruct to add details to the original prompt
d, where we control its temperature. We use the
following prompt:

Augment the following prompt into a detailed
T2I prompt: "{d}"
Detailed prompt:

B.3 Structure-τ Algorithm Details
Obtaining the template T To implement
Structure-τ , we first need to construct T from
d.

In building G (represented as a Python file), we
ensured that each concept is accompanied by a com-
ment containing a completion sentence. This sen-
tence explicitly encodes the concept with a <MASK>
placeholder.

For example, for the concept cat’s fur color, the
associated context sentence is:

the cat’s fur color is <MASK>.

To construct T we simply concatenate all context
sentences.

Running Structure-τ To obtain d′ using T we
simply go over each sentence in T , remove the
mask, obtain a completion from the LLM using the
predefined temperature parameter, and augment d
with the sentence and its completions.

Attribute Generation
Imagine the following image {d}.

Your goal is to choose a value for {value}.

Your goal is to complete the following
sentence: {masked sentence}↪→

**Important** - Write ONLY the completion
without any explanations or comments.↪→

Answer:

B.4 Naïve-τ Details
We use gpt-5.2 and the following prompt with tem-
perature of 0.7:

You are an expert prompt engineer specializing in
text-to-image generation.↪→

You will get two inputs:
1. A scene
2. a creativity level from 0-10, where 0

represents minimal creativity and 10
represents maximal creativity.

↪→
↪→

Your goal is to augment the input scene such that
the resulting text-to-image prompt will be at
the desired creativity level.

↪→
↪→

We define creativity to be a combination of
novelty and utility.↪→

All outputs must maintain utility by being
faithful to the input scene.↪→

The novelty level of the output prompts should
scale linearly with the specified creativity
level.

↪→
↪→

Minimal creativity: outputs should be highly
ordinary - "the first scene one would
imagine".

↪→
↪→
Medium creativity: outputs should be somewhat

novel while remaining reasonable.↪→
Maximal creativity: outputs should be extremely

novel - "One would never imagine this image
given the source."

↪→
↪→

Guidelines:
Output must start with the input scene.
Output only the final text-to-image prompt.

Scene:
{d}
Creativity level:
{level}

C Additional Results

We present here additional results and details for
the user study and computational studies.

C.1 Qualitative Comparison

We present in Figure 10 a qualitative comparison
of the output images between Concept-τ and the
baselines.

C.2 Additional computational scores

We include in Table 3 detailed results of the average
novelty scores obtained at different creativity levels.
Table 2 includes full correlation results (Pearson,
Spearman and Kendall-tau).

C.3 Correlating Computational Surprise
Scores

In our quantitative analysis we use quantitative nov-
elty scores that measure cosine distance between
outputs: MG(d) to MG(d

′) using CLIP. To justify
using these quantitative scores, we verify in Table 4
that they correlate with human judgment scores. On
Concept-τ , Naïve-τ and Token-τ , the table shows
clear positive correlations, indicating that the met-
rics capture variation in surprise in a way that aligns
with human intuition. For Structure-τ , the low cor-
relation is expected: humans themselves showed
near-zero correlation with c, suggesting that their
labels were effectively random in those settings.
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“A train on a train track near many trees”

Token -T

Naive prompting

c
Low c Medium c High c Extreme c

Concept-T

Structure -T

“A close-up on a plate of doughnuts”

Token -T

Naive prompting

c
Low c Medium c High c Extreme c

Concept-T

Structure -T

Figure 10: Comparison between Concept-τ , Token-τ , Structure-τ and Naïve-τ as the creativity parameter increases

User Study CLIP
Method τ ρ ρs τ ρ ρs
Concept-τ 0.75 ± 0.02 0.83 ± 0.02 0.82 ± 0.02 0.59 ± 0.03 0.74 ± 0.03 0.74 ± 0.03
Token-τ 0.16± 0.04 0.17± 0.04 0.18± 0.04 0.14 ± 0.05 0.20 ± 0.06 0.19 ± 0.06
Structure-τ 0.10± 0.04 0.11± 0.04 0.09± 0.04 0.01 ± 0.05 0.03 ± 0.06 0.01 ± 0.06
Naïve-τ 0.66± 0.02 0.75± 0.02 0.74± 0.02 0.44 ± 0.04 0.64 ± 0.04 0.58 ± 0.05

Table 2: Pearson correlation (ρ), Spearman correlation (ρs) and Kendall-τ (τ ) across user study and CLIP. Correla-
tions are between user/CLIP scores and the creativity levels from which the images were generated. Concept-τ
significantly outperforms the baselines.

User Study CLIP
Method clow cmed chigh cext clow cmed chigh cext

Concept-τ 1.09± 0.03 2.33± 0.07 3.09± 0.07 3.77± 0.04 0.15± 0.01 0.25± 0.01 0.29± 0.01 0.41± 0.01
Token-τ 1.31± 0.05 1.31± 0.05 1.47± 0.06 1.61± 0.06 0.14± 0.01 0.14± 0.01 0.14± 0.01 0.19± 0.01
Structure-τ 1.32± 0.05 1.27± 0.05 1.42± 0.05 143± 0.06 0.16± 0.01 0.15± 0.01 0.15± 0.01 0.16± 0.01
Naïve-τ 1.17± 0.04 1.21± 0.04 1.69± 0.06 3.6± 0.05 0.13± 0.01 0.12± 0.01 0.14± 0.01 0.36± 0.01

Table 3: Comparison of methods across user study and CLIP average scores for clow, cmid,chigh and cext. Values
following ± indicate standard errors. Concept-τ successfully covers a wide novelty range with high scores for
extreme creativity level and low scores for low creativity level.

Metric Concept-τ Token-τ Structure-τ Naïve-τ

CLIP 0.73 ± 0.033 0.32 ± 0.07 0.036 ± 0.068 0.77 ± 0.029

Table 4: Pearson correlation (ρ) between human labels and CLIP novelty scores.

C.4 Utility Evaluation

We detail here our validation process for the utility
metrics. All outputs were evaluated with respect to
three types of potential errors:

• UMG — unfaithfulness in MG(d
′)

• Ud′ — unfaithfulness in d′

• Uquality — poorly written augmentations

For UMG, we manually validated all generated
images. For Ud′ and Uquality, we used gpt-5.2
with two validation prompts provided in the code-
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Method τ ρ ρs
Concept-τ 0.64 ± 0.02 0.8 ± 0.02 0.8 ± 0.02
Token-τ 0.08 ± 0.05 0.13 ± 0.06 0.1 ± 0.06
Structure-τ 0.04 ± 0.05 0.07 ± 0.06 0.05 ± 0.07

Table 5: Pearson correlation (ρ), Spearman correlation
(ρs), and Kendall-τ (τ ) across CLIP when using Qwen
as the LLM for all approaches. The results show that
even when compared over the same model, Concept-τ
(with k = 2) significantly outperforms the temperature-
based approaches.

base. To verify the reliability of this automated
validation, we manually inspected a random sam-
ple of 200 images. The estimated error rate of the
validation procedure was approximately 2

C.5 Decoupling Model and Algorithmic
Effects

As discussed above, GPT models do not expose
or guarantee a standard implementation of tem-
perature. We therefore use Llama-3-8B-Instruct
for the temperature-based baselines to ensure re-
liable temperature control. To decouple model
and algorithmic effects, we additionally compare
Concept-τ with the temperature-based baselines
using the same open-source LLM, Qwen2.5-7B-
Instruct (Qwen et al., 2025). We use Qwen because
the task required by Concept-τ proved too chal-
lenging for the Llama models.

Generating the intermediate-surprise candidate
pool required for k = 3 remained challenging even
for Qwen. We therefore compare Token-τ and
Structure-τ against a simplified variant of Concept-
τ with k = 2. The corresponding prompt is pro-
vided in the released code. As shown in Table 5,
Concept-τ significantly outperforms both Token-τ
and Structure-τ under the same underlying model,
indicating that its advantage stems from the algo-
rithm rather than the choice of LLM.

D Human Study Details

For the user study we collect human annotations
through Prolific, recruiting 50 participants from the
US and the UK with an approval rate of over 98%
over at least 500 submissions. Age and gender de-
tails are reported in Figure 12. We compensate par-
ticipants at a rate of 1.2 GBP (12.4 GBP per hour).
No PII was collected beyond Prolific’s demograph-
ics; annotators were informed of that through the
consent form, approved by our institute.

Annotators are asked to rank images across four
creativity levels, from 1 (Low) to 4 (Extreme). Sub-

jects had to successfully complete a screening task
to ensure they understood the instructions. Then,
we sampled a random description for each of the
four methods (order of methods was randomized),
showing the participant all 12 generated images for
this method. In total, we collect 2400 annotations.
The main stages of the process are demonstrated in
Figure 11.

E Concept-τ Extensions

E.1 Concept-τ as a distance metric

Here we detail how to invert our Concept-τ proce-
dure for obtaining a distance between a textual im-
age description d and its generated image MG(d

′).
Given d and MG(d

′), we infer the creativity
value c by reversing our original process through
the following steps:

1. Extract the structured representation G from
d.

2. Fill in the novelty concepts in G using in-
formation derived from the image I(d). For
example, if a novelty concept in the updated
graph G is fur appearance, and the image de-
picts a cat whose fur is gray, the concept can
be completed as “Gray fur”.

3. Use an LLM to classify each novelty concept
into a surprise level in the range (1, k).

4. Use the inverse of Assign to obtain [cl, cr] (an
interval or c values).

The resulting interval acts as a conceptual sur-
prise based distance metric between the prompt
and the generated image, quantifying the degree
of human-perceived surprise introduced during the
generation process.

E.2 Concept-τ for Other Domains

We present an example of how the Concept-τ
framework can be applied to other domains, specif-
ically recipe generation. The overall process re-
mains consistent with that used for text-to-image
(T2I) generation, with the primary differences be-
ing the use of in-context examples tailored to the
culinary domain and a domain-specific definition
of utility.

In our adaptation, we assume that d is a general
dish request with missing information (e.g., “sand-
wich”). In this context we define utility to have the
following properties:

1. Ingredients must be edible. All components
must be safe and recognized as food.
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Main Task ScreenInstruction Screen
Participants rank 12 images over 4 levels of creativity – low, medium, high and 
extreme. 

Each participant gets 4 tasks, each task is a different scene (e.g., pizza, train, etc.) 

Figure 11: Left: Instruction screen, Right: Main task screen (in this example the participant sorts images from
Concept-τ “Sandwich” scene.)
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Figure 12: Age and gender distribution of participants in the user study.

2. Ingredients must be real. Recipes should
remain grounded in reality – no fictional or
impossible items.

3. The preparation procedure must be feasi-
ble. Instructions must describe steps that a
cook could plausibly follow in a real kitchen.

4. The resulting dish must taste good.
To construct G in a manner that adheres to the

new utility constraints, we first note that recipes
naturally consist of two components: ingredients
and instructions.

Ingredients. This component offers the greatest
potential for creativity. Ingredient choice, substi-
tution, and combination provide opportunities for
innovation.

Instructions. In contrast, instructions are highly
technical. They demand precision, reproducibility,
and feasibility. While small creative variations are

possible (e.g., in presentation techniques or prepa-
ration order), many “creative” deviations risk being

1. unnoticeable in the finished dish (e.g., “Wash
the tomatoes while humming the Swedish an-
them.”),

2. impractical to execute, (e.g., “stir the sauce
for six days.”)

3. or harmful to the quality of the final dish (e.g.,
“Toss the bread out the window for extra tex-
ture.”).

Therefore, in our design of G, all unspecified
ingredient-based concepts are treated as novelty
concepts, while instructions are later obtained de-
terministically.

When constructing G, we follow the same pro-
cedure as in the image-generation adaptation and
identify all unspecified or missing ingredients. For
example, given the request “sandwich,” the missing
ingredients include the type of bread, cheese, sauce,
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adding instructions

MG(d’)
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Figure 13: Concept-Level Temperature framework for receipe generation. We construct a concept graph G from the
information missing in d, (§3.1) and assign each concept a creativity level (§3.2). For each concept, we generate
candidate values across k creativity levels, conditioned on the iteratively updated d. We then select a sample based
on the predefined creativity level (§3.3) and update d. After processing all novelty (ingredient) concepts we use
an LLM to generate coherent instructions how to use them (utility). We now get the augmented description d′ - a
detailed recipe which adheres to d and is at c creativity level.

filling, and main component. If we further decom-
pose the concept of “sauce,” its missing ingredients
(i.e., its constituent elements) are the liquid, thick-
ener, and seasoning.

We then apply the standard procedure of using
Assign and generating a pool of candidates for all
novelty concepts (ingredient concepts). By adapt-
ing the in-context examples to the culinary domain,
we prevent the LLM from generating unrealistic
or inedible ingredients (e.g., Lego bread). Once
the ingredient set is determined, we generate the
instructions deterministically with an LLM, condi-
tioned on the selected ingredients. This provides us
with a space to explore creativity while maintain-
ing the utility of practical instructions. See Figure
13 for a diagram of the suggested procedure and
how G could look in this domain. Full prompts are
avilable in the code base.

F Correctness of Assign Function

Notation 1. We define the following notations to
be used in the theorems of this section:

1. We recall Assign(n, k, c) accepts as input c
the creativity parameter, n the number of con-
cepts and k the number of surprise levels. It
returns an allocation vector which we denote
Assign(n, k, c) = (lk, lk−1, . . . , l1) where li
denotes the number of concepts allocated to
level i.

2. We denote ni the number of concepts that is
provided to Assign as input at step i.

3. We denote ci the rescaled creativity parameter
c provided to Assign as input at step i.

4. [ci−left, ci−right]← {c′ | ⌊hi(c′) · ni⌋ = li}
the continuous interval which Assign com-
putes at step i in order to rescale ci, where hi
is the helper function at step i.

5. When we distinguish between several creativ-

ity parameter values (e.g., c1, c2) we append
an identifier in superscript to all related no-
tations. For instance for ci we write c

(1)
i , c

(2)
i ,

for li we write l
(1)
i , l

(2)
i and so on.

Lemma 1. Let c1, c2 be two creativity parameters
such that c1 ≥ c2

For any 0 < i < k, if:

(l
(1)
k , l

(1)
k−1, . . . , l

(1)
i+1) = (l

(2)
k , l

(2)
k−1, . . . , l

(2)
i+1),

Then
c
(1)
i ≥ c

(2)
i

Proof. We prove the claim by backward induction
on i.
Base case (i + 1 = k). If (l(1)k ) = (l

(2)
k ), since

n = n
(1)
k = n

(2)
k then the intervals computed by

Assign are identical:

[c
(1)
k−left, c

(1)
k−right] = [c

(2)
k−left, c

(2)
k−right]

We recall the next step in Assign is to rescale c
before submitting it as input to the next step k − 1.
To recall the rescaling is as such:

c
(1)
k−1 =

c
(1)
k − c

(1)
k−left

c
(1)
k−right − c

(1)
k−left

,

c
(2)
k−1 =

c
(2)
k − c

(1)
k−left

c
(2)
k−right − c

(2)
k−left

,

Since:

c
(1)
k−left = c

(2)
k−left, c

(1)
k−right = c

(2)
k−right

we get:
c
(1)
k−1 ≥ c

(2)
k−1
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Induction step. Assume that for some i+1 ≤ k,
if

(l
(1)
k , . . . , l

(1)
i+1) = (l

(2)
k , . . . , l

(2)
i+1),

Then
c
(1)
i ≥ c

(2)
i

We will now prove the claim for i. We therefore
assume:

(l
(1)
k , . . . , l

(1)
i ) = (l

(2)
k , . . . , l

(2)
i ),

Since l
(1)
i = l

(2)
i we get:

c
(1)
i−left = c

(2)
i−left, c

(1)
i−right = c

(2)
i−right

We recall, c(1)i−1, c
(2)
i−1 are computed at step i as

such:

c
(1)
i−1 =

c
(1)
i − c

(1)
i−left

c
(1)
i−right − c

(1)
i−left

, c
(2)
i−1 =

c
(2)
i − c

(1)
i−left

c
(2)
i−right − c

(2)
i−left

,

Since by the assumption c
(1)
i ≥ c

(2)
i we get

c
(1)
i−1 ≥ c

(2)
i−1

Theorem 1. For any c1, c2 ∈ [0, 1] such that c1 >
c2:

Assign(n, k, c1) = (l
(1)
k , . . . , l

(1)
1 ) ⪰L (l

(2)
k , . . . , l

(2)
1 )

= Assign(n, k, c2),

where ≻L denotes the lexicographic order.

Proof. Let hi : [0, 1] → [0, 1] be the nondecreas-
ing assign helper function for level i. For any
c1, c2 ∈ [0, 1] with c1 > c2, define for each in-
dex i:

l
(1)
i = ⌊hi(c(1)i )·n(1)

i ⌋, l
(2)
i = ⌊hi(c(2)i )·n(2)

i ⌋,

We now prove that the claim holds for i = 1 by
backward induction and show that for every i:

(l
(1)
k , . . . , l

(1)
i ) ⪰L (l

(2)
k , . . . , l

(2)
i ),

Base case (i = k). Since hk is nondecreasing
and c

(1)
k > c

(2)
k (c1 = c

(1)
k , c2 = c

(2)
k ), we have

hk(c
(1)
k ) ≥ hk(c

(2)
k ). Since n = n

(1)
k = n

(2)
k we

get:

l
(1)
k = ⌊hk(c(1)k ) · n(1)

k ⌋ ≥ ⌊hk(c
(2)
k ) · n(2)

k ⌋ = l
(2)
k .

Hence, (l(1)k ) ⪰L (l
(2)
k ).

Induction step. Assume that for some 1 < i ≤
k,

(l
(1)
k , . . . , l

(1)
i ) ⪰L (l

(2)
k , . . . , l

(2)
i ).

We now consider index i− 1.
Case 1: The tails are strictly ordered. If

(l
(1)
k , . . . , l

(1)
i ) ≻L (l

(2)
k , . . . , l

(2)
i ),

then the same ordering immediately holds for the
full sequences:

(l
(1)
k , . . . , l

(1)
i−1) ⪰L (l

(2)
k , . . . , l

(2)
i−1).

Case 2: The tails are equal and the current
step is i > 2. If

(l
(1)
k , . . . , l

(1)
i ) =L (l

(2)
k , . . . , l

(2)
i ),

then n
(1)
i−1 = n

(2)
i−1.

In addition, by Lemma 1 we get that c(1)i−1 ≥ c
(2)
i−1.

Therefore, since hi−1 is nondecreasing we get that
l
(1)
i−1 ≥ l

(2)
i−1, and consequently

(l
(1)
k , . . . , l

(1)
i ) ⪰L (l

(2)
k , . . . , l

(2)
i ).

Case 3: The tails are equal. and the current
step is i = 2. If

(l
(1)
k , . . . , l

(1)
2 ) =L (l

(2)
k , . . . , l

(2)
2 ),

Then by the construction of Assign l
(1)
1 = l

(2)
1 =

n−∑︁2
t=k l

(1)
t , therefore we get:

(l
(1)
k , . . . , l

(1)
1 ) =L (l

(2)
k , . . . , l

(2)
1 ),

By induction, the property holds for all i ∈
{1, . . . , k}.

Hence for i = 1,

Assign(n, k, c1) =

(l
(1)
k , . . . , l

(1)
1 ) ⪰L (l

(2)
k , . . . , l

(2)
1 )

= Assign(n, k, c2)

which proves the theorem.

Theorem 2. Let n be a positive integer. For any
allocation (lk, lk−1, . . . , l1) such that

∑︁k
i=1 li =

n, there exists a constant c ∈ [0, 1] such that
Assign(n, k, c) = (lk, lk−1, . . . , l1)

Proof. For each step i, we show the following:
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1. There exists a point c ∈ [0, 1] s.t
Assign(n, k, c)[k:i] = (lk, lk−1, . . . , li)

2. For every point c ∈ [0, 1] for which
Assign(n, k, c)[k:i] = (lk, lk−1, . . . , li), for
every point xi ∈ Ii (the interval computed by
Assign at step i) there is a corresponding point
at step k denoted sk(xi) ∈ [0, 1] s.t:

Assign(n, k, sk(xi))[k:i] = (lk, lk−1, . . . , li)

Base case (i = k).
Since hk : [0, 1] → [0, 1] is continuous, surjec-

tive and non-decreasing, the function

x ↦→ hk(x) · n

is also continuous, surjective and non-decreasing
on [0, 1], with range [0, n]. Therefore, there exists
a point x′k ∈ [0, 1] s.t:

⌊hk(x′k) · n⌋ = lk

and therefore:

Assign(n, k, x′k)[k] = (lk)

Let there be a point c for which:
Assign(n, k, c)[k] = (lk). By definition, ev-
ery point xk ∈ Ik (the computed interval at step k)
obtains:

⌊hk(xk) · nk⌋ = lk

Since Ik ⊆ [0, 1], then trivially for every point
xk ∈ Ik there is a point sk(xk) = xk for which
Assign(n, k, sk(xk))[k] = (lk) (the same point).
We therefore show claim 2.

Induction step
We assume that:
1. There exists a point c ∈ [0, 1] s.t

Assign(n, k, c)[k:i] = (lk, lk−1, . . . , li)
2. For every point c ∈ [0, 1] for which

Assign(n, k, c)[k:i] = (lk, lk−1, . . . , li), for
every point xi ∈ Ii (the interval computed by
Assign at step i) there is a corresponding point
at step k denoted sk(xi) ∈ [0, 1] s.t:

Assign(n, k, sk(xi))[k:i] = (lk, lk−1, . . . , li)

We now examine index i− 1.
Let c be a point s.t Assign(n, k, c)[k:i] =
(lk, lk−1, . . . , li)

At step i of Assign(n, k, c), Ii is rescaled into
a continuous range of values [0, 1] which is the
domain of the input to Assign at step i− 1.

Since x ↦→ hi−1(x) · n is continuous, non-
decreasing and with range [0, ni], there exists
x′i−1 ∈ [0, 1] s.t

⌊hi−1(x
′
i−1) · ni−1⌋ = li−1

By construction, every point xi−1 ∈ [0, 1] in
step i − 1 maps to a specific point in Ii, denoted
si(xi−1).
Specifically, si(x′i−1) ∈ Ii

By our assumption (2), and since si(x
′
i−1) ∈ Ii,

there exists a corresponding point sk(si(x′i−1) such
that

Assign(n, k, sk(si(x
′
i−1))[k:i] = (lk, . . . , li)

Therefore, there exists a point sk(si(x
′
i−1)) ∈

[0, 1] s.t

Assign(n, k, sk(si(x
′
i−1))[k:i−1]

= (lk, . . . , li, li−1) (Claim 1)

We now show the correctness of the second sec-
ond claim. Let there be a point c ∈ [0, 1] for which

Assign(n, k, c)[k:i−1] = (lk, lk−1, . . . , li−1)

By definition, every point xi−1 ∈ Ii−1 obtains
⌊hi−1(xi−1)⌋ = li−1.
Since every such point xi−1 maps to a specific point
in Ii: si(xi−1) and using our assumption (2), there
exists a point sk(si(x′i−1)) ∈ [0, 1] s.t:

Assign(n, k, sk(si(x
′
i−1)))[k:i−1]

= (lk, lk−1, . . . , li−1)
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