


Diffusion models can directly generate out-of-
distribution images by understanding concrete prompts
like “a blue banana”, but often struggle with the abstract
semantics of “creative”, as illustrated in Figure 1a,b.
Given the challenge that diffusion models face in directly
generating creativity, existing methods typically rely on
synthesizing reference prompts or images to achieve
creative effects. For instance, to combine “Lettuce” and
“Mantis” creatively, ConceptLab [44] merges tokens
representing these concepts into a new composite token,
while BASS [23] uses predefined sampling rules to search
for creative outcomes from a large pool of candidate
images. Similarly, personalization-based methods like
MagicMix [26], DiffMorpher [57], and ATIH [52] use
semantic mixing or interpolation during the diffusion
process to generate novel visual representations.

However, these methods rely heavily on reference
prompts and images, demanding a new training process for
each generation, which leads to high computational costs
and limited practicality for online applications. In contrast,
“a blue banana” can be generated directly without addi-
tional training, due to its clear and concrete semantics, es-
pecially by the adjective “blue”. Inspired by this, we may
ask: Can we awaken the creativity of diffusion models by
enhancing their semantic understanding of “creative”? To
achieve this, we propose CreTok, which redefines “cre-
ative” as a new specialized token, <CreTok>, allowing it
to function similarly to “blue” in “a blue banana”. This re-
definition enhances the model’s semantic understanding for
combinatorial creativity, as shown in Figure 1c.

Unlike traditional token-based personalization methods,
such as textual inversion [11, 46, 50] and ConceptLab [44],
which assign a unique token to each static novel concept,
CreTok introduces <CreTok> as a universal “adjective”
applicable across all creative concept generation. Specifi-
cally, CreTok builds on the definition of “creativity” from
the TP2O task [23] for combinatorial object generation,
and refines this concept for meta-creativity in an image-
free manner on our proposed dataset of text pairs, termed
CangJie1 for the learning of <CreTok>. In each training
step, a text pair (t1, t2) is randomly sampled to generate
creative outputs by optimizing the similarity between the
text embedding of a restrictive prompt (e.g., “A t1 t2”) and
an adaptive prompt (e.g., “A photo of a <CreTok> mix-
ture”). This process enhances the semantic understanding
of <CreTok> for concept-combinatorial creativity beyond
the literal meanings of t1 and t2.

Through this approach, CreTok establishes <CreTok>
as a universal token that brings meta-creativity to diffusion
models, transforming creativity from static concept synthe-
sis [23, 44, 52] to a more adaptable and flexible creative ca-
pability. This meta-creativity enables the model to generate

1CangJie comes from 仓颉, the creator of Chinese characters.

novel combinatorial concepts, even when the correspond-
ing text pairs have not been encountered during training.
For instance, the combination of (Lettuce, Mantis)
in Figure 1c, though unseen during training, can be cre-
atively generated using <CreTok>. Furthermore, this
meta-creativity enables direct concept combinations with-
out requiring additional training, much like generating “a
blue banana”. This significantly reduces both time and com-
putational complexity compared to state-of-the-art (SOTA)
creative generation methods, such as ConceptLab [44] (4s
vs. 120s per image, 30× speedup) and BASS [23] (4s vs.
40s per image, 10× speedup), while maintaining linguistic
flexibility for diverse applications and styles.

Notably, images generated by CreTok achieve higher
human preference ratings (↑0.009 in PickScore [20] and
↑0.169 in ImageReward [53]) and better text-image align-
ment (↑0.03 in VQAScore [52]) compared to SOTA dif-
fusion models, such as Stable Diffusion 3.5 [36]. Further
evaluations using GPT-4o [1] and user studies indicate su-
perior performance of CreTok in terms of integration, orig-
inality, and aesthetics, underscoring its effectiveness in fos-
tering combinatorial creativity.

Our contributions are as follows: (1) We propose Cre-
Tok, a method designed to enhance models’ meta-ability
by enabling an enhanced understanding of abstract and am-
biguous adjectives (e.g., “creative” or “beautiful”) through
their redefinition as new tokens. (2) Leveraging CreTok,
we redefine the abstract term “creative” within our pro-
posed CangJie dataset for the TP2O task, and introduce
<CreTok>, a universal token that imparts meta-creativity
to diffusion models, enabling direct application to the cre-
ative generation of diverse combinatorial concepts. (3) Ex-
perimental results demonstrate the effectiveness of CreTok
in generating combinatorial creativity, outperforming SOTA
text-to-image (T2I) models and creative generation meth-
ods in terms of computational complexity, human prefer-
ence ratings, text-image alignment, and other key metrics.

2. Related Work

2.1. Creative Generation

Advancing machine intelligence necessitates models with
human-like creativity, a critical yet underexplored aspect
of AI research [29, 30]. Early approaches to creativity
involves heuristic search methods [7, 54]. With the rise
of image generation, interest in exploring creativity ex-
pands [9, 16, 34], particularly within Generative Adversar-
ial Networks [12] and Variational Autoencoders [19].

More recently, text-to-image (T2I) models [15, 25] have
incorporated tasks specifically targeting creativity. Con-
ceptLab [44] introduces Creative Text to Image Generation
(CT2I) task, which focuses on generating novel visual con-
cepts beyond conventional language description. In con-
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trast, BASS [23] proposes the Creative Text Pair to Object
(TP2O) task, which combines attributes of existing con-
cepts into new compositions. Compared to the open-ended
nature of CT2I, TP2O offers more controlled, user-aligned
creativity. Parallel advancements in creative text genera-
tion [49, 61] further emphasize the significance of creativity
across modalities.

In this work, we enhance the creativity of diffusion mod-
els—particularly in the TP2O task—by refining their se-
mantic understanding of “creative” through a redefined to-
ken, <CreTok>. <CreTok> brings meta-creativity to dif-
fusion models, transforming it into a universal token for ex-
pressing “creative” and enabling the combination of diverse
concepts without additional training.

2.2. Personalized Visual Content Generation
Personalization aims to generate diverse images of spe-
cific concepts from limited reference images [39, 47].
Foundational approaches, such as Textual Inversion [11]
and DreamBooth [46], optimize text embeddings to cap-
ture unique visual concepts as new tokens. Building on
these, recent methods employ compositional techniques for
creative recombination of visual elements. For instance,
Concept Decomposition [50] breaks personalized concepts
into distinct visual aspects captured by specific tokens,
while PartCraft [33] deconstructs images into modular, fine-
grained components for selective reassembly.

Beyond text embedding optimization, advanced meth-
ods like SVDiff [14] and others [4, 22, 59] enhance model
adaptability through targeted network tuning. Techniques
such as MagicMix [26], DiffMorpher [57], and ATIH [52]
use semantic mixing or interpolation [60] during the diffu-
sion process to create innovative visual representations.

In this context, <CreTok> functions not as a represen-
tation of a specific concept but as a descriptor of how to
generate creativity, imparting meta-creativity to models and
establishing <CreTok> as a universally adaptable token.

3. Methods
CreTok arouses the creativity of diffusion models by en-
hancing their semantic understanding of “creative” and re-
defining it as a new token, <CreTok>. This section first
presents the basic principles of T2I models, followed by a
detailed method for combining text pairs into novel con-
cepts. Finally, we describe the iterative process to continu-
ally refine <CreTok> for enhanced creative expression.

3.1. Preliminary
Latent Diffusion Models (LDMs) [45] have been widely
adopted in T2I generation [3, 13, 17, 18, 32, 37, 55, 56].
LDMs shift the diffusion process from pixel space to a com-
pact latent space with an encoder E , which maps images x
into spatial latent codes z = E(x). The diffusion model is

then trained to generate these latent codes through denois-
ing, minimizing the following objective:

Ldiff = Ez∼E(x),y,ε∼N (0,1),t[||ε − εθ(zt, t, cθ(y))||22] (1)

where εθ represents the noise prediction network, trained
to estimate the noise ε added to the latent variable zt at
timestep t, conditioned on cθ(y), a vector derived from the
input y (e.g., text prompt) through a mapping function cθ.

In our study, we utilize Stable Diffusion 3 (SD 3) [10] as
the base model, which employs a transformer-based archi-
tecture to facilitate bidirectional information flow between
image and text tokens. Our work focuses on the text encoder
in cθ and condition input y, while keeping the parameters of
other components frozen (See Appendix A for details).

3.2. Creative Generation from a Single Text Pair
To redefine “creative” as a universally applicable token,
<CreTok>, for the combinatorial generation of various
text pairs, we begin by performing token-based concept fu-
sion with a single text pair. Building on ConceptLab [44],
we achieve such fusion by increasing the semantic similar-
ity of two distinct prompts in the embedding space.

As shown in Figure 2, given a text pair (t1, t2) (e.g.,
(Lettuce, Mantis)), we generate a restrictive prompt
Pr(t1, t2) by combining the pair into a phrase like “a t1 t2”
(e.g., “a lettuce mantis.”). The trainable token <CreTok>,
which redefines “creative”, is then used to form an adaptive
prompt Pa representing the combinatorial results (e.g., “a
photo of a <CreTok> mixture.”). To optimize the semantic
alignment of Pr and Pa, we increase the similarity between
the embeddings of Pr and Pa using the following objective:

Lmix = 1 − cos(E(Pr(t1, t2)), E(Pa)) (2)

where cos(a, b) = a·b
||a||||b|| denotes cosine similarity, and

E(·) is the text encoder (e.g., CLIP L/14 [40] in SD 3) that
maps prompts to corresponding text embeddings.

As noted in ConceptLab [44], overfitting can artificially
inflate similarity by disproportionately reinforcing one con-
cept while neglecting others. To address this issue, we in-
troduce a loss threshold θ to regulate concept integration.
Moreover, to ensure the coherent fusion of two concepts,
rather than their independent generation (e.g., a lettuce and
a mantis), θ must remain moderate to avoid low similarity
between Pr and Pa (see Section 6.2 for details).

L̃mix = 1 − min[cos(E(Pr(t1, t2)), E(Pa)), θ] (3)

Additionally, we observe that the order of t1 and t2 in Pr
can bias the model’s subject focus. For instance, “a lettuce
mantis” may prioritize mantis features with lettuce-like el-
ements. To mitigate this bias, we alternate the positions of
the two texts in each pair (i.e., (t2, t1)), and compute the
loss for both Pr(t1, t2) and Pr(t2, t1) during training, en-
couraging a balanced fusion of both concepts.
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creativity. Parallel advancements in creative text genera-158
tion [48, 60] further emphasize the significance of creativity159
across modalities.160

In this work, we enhance the creativity of diffusion mod-161
els—particularly in the TP2O task—by refining their se-162
mantic understanding of “creative” through a redefined to-163
ken, <CreTok>. <CreTok> brings meta-creativity to dif-164
fusion models, transforming it into a universal token for ex-165
pressing “creative” and enabling the combination of diverse166
concepts without additional training.167

2.2. Personalized Visual Content Generation168

Personalization aims to generate diverse images of spe-169
cific concepts from limited reference images [38, 46].170
Foundational approaches, such as Textual Inversion [11]171
and DreamBooth [45], optimize text embeddings to cap-172
ture unique visual concepts as new tokens. Building on173
these, recent methods employ compositional techniques for174
creative recombination of visual elements. For instance,175
Concept Decomposition [49] breaks personalized concepts176
into distinct visual aspects captured by specific tokens,177
while PartCraft [32] deconstructs images into modular, fine-178
grained components for selective reassembly.179

Beyond text embedding optimization, advanced meth-180
ods like SVDiff [14] and others [4, 21, 58] enhance model181
adaptability through targeted network tuning. Techniques182
such as MagicMix [25], DiffMorpher [56], and ATIH [51]183
use semantic mixing or interpolation [59] during the diffu-184
sion process to create innovative visual representations.185

In this context, <CreTok> functions not as a represen-186
tation of a specific concept but as a descriptor of how to187
generate creativity, imparting meta-creativity to models and188
establishing <CreTok> as a universally adaptable token.189

3. Methods190

CreTok arouses the creativity of diffusion models by en-191
hancing their semantic understanding of “creative” and re-192
defining it as a new token, <CreTok>. This section first193
presents the basic principles of T2I models, followed by a194
detailed method for combining text pairs into novel con-195
cepts. Finally, we describe the iterative process to continu-196
ally refine <CreTok> for enhanced creative expression.197

3.1. Preliminary198

Latent Diffusion Models (LDMs) [44] have been widely199
adopted in T2I generation [3, 13, 31, 36, 54, 55]. LDMs200
shift the diffusion process from pixel space to a compact201
latent space with an encoder E , which maps images x into202
spatial latent codes z = E(x). The diffusion model is then203
trained to generate these latent codes through denoising,204
minimizing the following objective:205

Ldiff = Ez∼E(x),y,ε∼N (0,1),t[||ε − εθ(zt, t, cθ(y))||22] (1)206

where εθ represents the noise prediction network, trained 207
to estimate the noise ε added to the latent variable zt at 208
timestep t, conditioned on a vector cθ(y), which maps the 209
input y (e.g., text prompt) to a condition vector. 210

In our study, we utilize Stable Diffusion 3 (SD 3) [10] as 211
the T2I model, which employs a transformer-based archi- 212
tecture to facilitate bidirectional information flow between 213
image and text tokens. Our work focuses on the text encoder 214
cθ and condition input y, while keeping the parameters of 215
other components frozen (See Appendix 8.1 for details). 216

3.2. Creative Generation from a Single Text Pair 217

To redefine “creative” as a universally applicable token, 218
<CreTok>, for the combinatorial generation of various 219
text pairs, we begin by performing token-based concept fu- 220
sion with a single text pair. Building on ConceptLab [43], 221
we achieve such fusion by increasing the semantic similar- 222
ity of two distinct prompts in the embedding space. 223

Given a text pair (t1, t2) (e.g., (Lettuce, 224
Mantis)), we generate a restrictive prompt Pr(t1, t2) by 225
combining the pair into a phrase like “a t1 t2” (e.g., “a 226
lettuce mantis.”). The trainable token <CreTok>, which 227
redefines “creative”, is then used to form a adaptive prompt 228
Pa representing the combinatorial results (e.g., “a photo 229
of a <CreTok> mixture.”). To optimize the semantic 230
alignment of Pr and Pa, we increase the similarity between 231
the embeddings of Pr and Pa using the following objective: 232

Lmix = 1 − cos(E(Pr(t1, t2)), E(Pa)) (2) 233

where cos(a, b) = a·b
||a||||b|| denotes cosine similarity, and 234

E(·) is the text encoder (e.g., CLIP L/14 [39] in SD 3) that 235
maps prompts to corresponding text embeddings. 236

As highlighted in ConceptLab [43], models may increase 237
such similarity (i.e., Lmix) by generating two distinct con- 238
cepts independently (i.e., a lettuce and a mantis) rather than 239
combining them into a unified concept. To address this, we 240
establish a loss threshold θ to mitigate overfitting to individ- 241
ual concepts and reduce excessive semantic carryover (see 242
Section 6.2 for detailed analysis). 243

L̃mix = 1 − max[cos(E(Pr(t1, t2)), E(Pa)), θ] (3) 244

Additionally, we observe that the order of t1 and t2 in Pr 245
can bias the model’s subject focus. For instance, “a lettuce 246
mantis” may prioritize mantis features with lettuce-like el- 247
ements. To mitigate this bias, we alternate the positions of 248
the two texts in each pair (i.e., (t2, t1)), and compute the 249
loss for both Pr(t1, t2) and Pr(t2, t1) during training, en- 250
couraging a balanced fusion of both concepts. 251

3.3. Refining <CreTok> in a Continuous Process 252

Our ultimate objective is not to create a token represent- 253
ing a specific new concept, as done in ConceptLab [43] and 254

3

Figure 2. In each training iteration, a text pair and a prompt template are sampled to create a restrictive prompt and an adaptive prompt. The
trainable <CreTok> token is then optimized to minimize the cosine similarity between the text embeddings of the adaptive and restrictive
prompt. Then the refined adaptive prompt is input into a diffusion model (e.g., Stable Diffusion 3 [10]) for creative image generation.

3.3. Refining <CreTok> in a Continuous Process
Our ultimate objective is not to create a token represent-
ing a specific new concept, as done in ConceptLab [44] and
other token-based personalization methods [11, 46]. In-
stead, we aim to enhance the diffusion model’s semantic
understanding of “creative” through <CreTok>, thus guid-
ing the model on “how to generate creativity”. This meta-
creativity cannot be achieved through direct optimization
on a single text pair, which risks embedding the specific se-
mantics of t1 and t2 into <CreTok>.

To achieve such meta-creativity, we construct a dataset
specifically for the TP2O task, termed CangJie, compris-
ing diverse text pairs (see Appendix D for details). Then
we iteratively refine <CreTok> on CangJie through a con-
tinuous training process, gradually embedding generalized
semantics of “creative” into <CreTok>. In each training
iteration, a set of n text pairs is randomly sampled, and the
cumulative loss is calculated as:

Liter =
∑n

i=1 L̃i
mix

n
(4)

where Lmix represents the cosine similarity loss between Pr
and Pa, as defined in Eq. (2). After each update, new sets of
n text pairs are sampled, ensuring that <CreTok> remains
generalizable across a wide range of concepts.

4. Experiments
4.1. Datasets
To comprehensively evaluate creativity, we develop
CangJie, the first dataset specifically designed for the TP2O
task. CangJie combines concepts from categories like an-
imals and plants, forming text pairs through diverse com-

binations. The dataset includes 200 text pairs for training
<CreTok>, and 27 text pairs from the original BASS [23]
results for unified comparison. Detailed specifications are
provided in Appendix D.

4.2. Experimental Setup

Our implementation is based on the official Stable Diffu-
sion 3 [10], which integrates three text encoders: CLIP
L/14 [40], OpenCLIP bigG/14 [6], and T5-v1.1-XXL [41].
In our experiments, only the two CLIP models are used
as text encoders E(·) without significant performance loss,
owing to the simplicity of prompts. The training of
<CreTok> runs for 10K steps on a single NVIDIA 4090
GPU, using an initial learning rate of 0.01 with a cosine
scheduler, a batch size of 1, and gradient accumulation over
n = 16 steps. The training process can be completed within
approximately 30 minutes. Notably, there is NO additional
computational overhead after the training of <CreTok>.

4.3. Evaluation Metrics

To evaluate the creativity generated by CreTok and related
methods, we first apply VQAScore [27] to measure align-
ment between the generated image and the text prompt,
particularly for combinatorial generation. We also employ
PickScore [20] and ImageReward [53] to evaluate align-
ment with aesthetic standards and human preferences. Ad-
ditionally, we use GPT-4o [35] and conduct a user study to
comprehensively evaluate creativity in terms of conceptual
integration, originality, and aesthetic quality. Generation
time per image is recorded to highlight deployment consid-
erations, demonstrating CreTok’s zero-shot efficiency.
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Figure 3. <CreTok> enhances diffusion models’ semantic understanding of combinatorial creativity. We compare CreTok with SOTA T2I
diffusion models including Stable Diffusion 3 [42], Kandinsky 3 [43], Stable Diffusion 3.5 [36], DALL-E 3 [42] and Midjourney v6.1 [31]
with identical prompts. CreTok, built on Stable Diffusion 3, replaces “creative” in prompts with the redefined <CreTok>.

5. Results

5.1. Performance of Redefined <CreTok>

5.1.1. Comparison with State-of-the-Art T2I Models

We evaluate CreTok against state-of-the-art (SOTA) T2I
models, including Stable Diffusion 3.5 [36], DALL-E 3 [42]
and Midjourney v6.1 [31] under identical prompts, as
shown in Figure 3. Despite extensive training on large-
scale datasets, SOTA models still struggle to capture the
abstract concept of “creative” and struggle to generalize be-
yond their training distributions, often rendering two ob-

jects as separate entities rather than as a cohesive, integrated
concept, such as (Bear, Mantis).

Models like DALL-E 3 and Midjourney demonstrate
some improvements in combinatorial generation over Sta-
ble Diffusion 3, benefiting from advanced architectures and
extensive training. However, their outputs often favor an
artistic style with vivid colors and intricate details, which
contrasts with the realism expected in “photo” prompts,
making realistic combinatorial generation a more challeng-
ing out-of-distribution (OOD) task.

In contrast, CreTok significantly enhances the model’s
semantic understanding of “creative” through <CreTok>,
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Figure 4. Visual comparisons of combinatorial creativity. We compare CreTok with BASS [23], and other methods achieving similar
combinatorial effects, including MagicMix [26] and Black-Scholes [21], to highlight CreTok’s superior performance. For fair comparison,
most images from these methods are sourced directly from the original papers, with a white watermark added in the bottom right corner.
Additionally, generation time per image is recorded to emphasize CreTok’s meta-creativity and zero-shot capability.

enabling a more cohesive and realistic fusion while preserv-
ing the interpretability of each component. Additional im-
ages generated by CreTok are available in Appendix B.2.

5.1.2. Comparison with Creative Generation Methods

Beyond comparisons with SOTA T2I models, we evaluate
CreTok against methods specifically designed for creativity
and personalization to further highlight its advantages. Cre-
ative generation methods like BASS [23] achieve creative
outputs through rule-based searches across large-scale can-
didate generations, while personalization methods, such as
MagicMix [26] and Black Scholes [21], can generate com-
bination effects via interpolation between noise, prompts.

As shown in Figure 4, interpolation techniques used in
personalization can produce similar visual effects, but they
are heavily dependent on reference images, limiting their
further adaptability. When significant visual disparities ex-
ist between images, the resulting fusion often lacks coher-
ence (see Appendix B.1 for additional comparisons). While
BASS is capable of producing high-quality creative images
without reference images, it demands substantial computa-
tional resources (40 seconds vs. CreTok’s 4 seconds) for
generation and filtering.

CreTok addresses limitations by introducing a universal
token, <CreTok>, specifically for combinatorial creativ-
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Figure 5. Combinatorial creativity with no concepts or two more
concepts. Images with white watermarks are directly sourced from
the original paper of the comparison method.

ity, which directly redefines “creative” for meta-creativity
rather than merely synthesizing reference images. This
allows <CreTok> to seamlessly integrate with other to-
kens, facilitating novel concept generation without addi-
tional training.

5.2. Creativity beyond Text Pair
Beyond text-pair-based TP2O tasks, we extend our explo-
ration to the Creative Text-to-Image (CT2I) task, as defined
in ConceptLab [44], which allows for the fusion of three
or more concepts or the creation of entirely new concepts
without referencing existing ones.



Professional high-quality art of <CreTok> mixture that resemblesboth a t1
and a t2. photorealistic, 4k, HQ

A watercolorpainting of a <CreTok> mixture that resemblesbotha t1 and a t2.

Colorful graffiti of a <CreTok> mixture that resemblesbotha t1 and a t2.

A painting of a <CreTok> mixture that resemblesboth a t1 and a t2 in the
style of monet.
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Figure 6. Redefined <CreTok> can be combined with natural
language to showcase combinatorial creativity in various styles.
Additional styles are illustrated in Appendix B.3.

Figure 5 compares CreTok and ConceptLab on the
CT2I task, showcasing creative images generated from
multiple or undefined concepts. Although <CreTok>
is primarily redefined for combinatorial object generation
from text pairs, it extends seamlessly to multi-concept
fusion, enabling novel creative outputs without reference
text. For instance, CreTok can generate new concepts
using prompts like “A photo of a <CreTok> mixture.”
without any predefined concepts. Moreover, when com-
bining multiple concepts (e.g., (Turtle, Peacock,
Horse, Lizard)), ConceptLab struggles to preserve in-
dividual concept features, while CreTok effectively main-
tains the distinct characteristics of each concept.

While ConceptLab also supports multi-concept genera-
tion through token updates, each token is tailored to a spe-
cific new concept (e.g., “A photo of <concept>”), requir-
ing repeated training for each new creative instance. More-
over, CreTok operates directly in CLIP semantic space [40],
without relying on diffusion priors [42], offering a more
streamlined framework for creative generation.

5.3. Universality of <CreTok> Among Styles
A key limitation of existing methods is their inability to
transfer generated creativity across various styles. As pre-

Table 1. Quantitative Comparisons for Image-Text Alignment and
Human Preference Ratings.

SD 3 SD 3.5 Kand 3 BASS CreTok

VQAScore↑ 0.793 0.805 0.771 0.710 0.835

PickScore↑ 21.716 21.766 21.637 20.799 21.775
ImageReward↑ 0.896 0.881 0.634 0.481 1.065

Table 2. Creativity evaluated by GPT-4o.

Integ. Align. Orig. Aesth. Compr.

SD 3 [10] 8.1±4.1 8.7±4.0 8.2±4.1 9.0±1.3 8.5±3.1
Kand 3 [43] 8.9±0.8 9.7±0.3 9.0±0.4 9.2±0.2 9.2±0.3
SD 3.5 9.1±0.7 9.9±0.2 9.1±0.6 9.4±0.4 9.4±0.3

BASS [23] 8.9±1.3 9.3±1.4 8.7±1.2 8.3±0.7 8.8±0.9
CreTok 9.5±0.4 9.9±0.1 9.3±0.4 9.6±0.3 9.6±0.3

viously discussed, <CreTok> serves as a universal “ad-
jective”, functioning similarly to “blue”, allowing it to be
seamlessly combined with other prompts for various styles,
such as “painting” or “art”. Figure 6 presents our results
across diverse image styles, highlighting CreTok’s unique
adaptability—a capability that cannot be achieved by meth-
ods like MagicMix [26] and BASS [23].

Unlike ConceptLab [44], where each token is tied to a
specific concept, <CreTok> does not correspond directly
to any single concept, yet it consistently maintains adapt-
ability across a wide range of prompts.

5.4. Evaluation for Creativity
5.4.1. Quantitative Comparisons
We conduct quantitative comparisons to evaluate the align-
ment between images and prompts using VQAScore [27],
along with human preference ratings via PickScore [20] and
ImageReward [53]. Table 1 presents comparisons between
CreTok and SOTA open-source T2I models.

Despite being built upon SD 3, CreTok outperforms both
SD 3.5 and Kandinsky 3 in terms of human preference rat-
ings and image-text alignment, even though these models
use advanced architectures and extensive training data tai-
lored to human aesthetic preferences.

5.4.2. Evaluation via GPT-4o
Since existing metrics are insufficient for assessing such ab-
stract “creativity”, we employ GPT-4o to objectively assess
image creativity through quantitative analysis across four
dimensions: Integration, Alignment, Originality, and Aes-
thetics. Detailed prompts are available in Appendix C.1.

Table 2 presents GPT-4o’s assessments of creativity for
images generated by CreTok compared to other methods.
The results indicate that CreTok-generated images demon-
strate significant advantages across all evaluated dimen-
sions, especially in the concept integration and originality.
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Figure 7. Convergence rate of <CreTok> during the continuous redefinition process, showing training curves and corresponding images.

Table 3. Results of the user study.

SD 3 SD 3.5 Kand 3 BASS CreTok

Avg. Rank↓ 3.4±1.5 3.1±1.1 3.3±1.4 3.1±1.3 1.9±1.1

5.4.3. User Study
To comprehensively evaluate creativity, we conduct a user
study involving 50 highly educated participants. Each par-
ticipant ranks the creativity of images generated by Cre-
Tok in comparison with other methods. The average ranks,
summarized in Table 3, reveal that CreTok significantly out-
performs the current T2I diffusion models lacking special-
ized design for creativity and receives a higher ranking than
BASS [23], achieving an average ranking of 1.9. Further
details are provided in Appendix C.2.

6. Ablation and Analysis
6.1. Process of Continual Redefinition
The continual refinement of “creative” within CreTok is il-
lustrated in Figure 7, which captures the convergence pro-
cess of <CreTok> over time. Additionally, visualizations
of randomly selected text pairs, captured every 2,000 train-
ing steps, demonstrate the evolving representation.

In early stages, <CreTok> primarily absorbs semantic
content from individual concepts, as observed at steps 2,000
and 4,000, where the generated creative output closely re-
sembles one of the concepts (e.g., “Bear” and “Mantis”).
However, as training progresses, <CreTok> transitions to-
ward encapsulating a generalized creative representation,
independent of specific concepts. This transition is evi-
denced by increasingly aligned text-image relationships and
enhanced image quality, culminating in final convergence.

6.2. Effect of Loss Threshold on Creativity
When optimizing semantic similarity between text embed-
dings of restrictive and adaptive prompts, improper thresh-
olds can hinder the combinatorial generation of two con-
cepts. To evaluate this, we analyze different thresholds dur-
ing the refinement of <CreTok>, as shown in Figure 8.

! =0.1 ! =0.2 ! =0.3

! =0.7 ! =0.8 ! =0.9

! =0.4 ! =0.5 ! =0.6

Figure 8. Combinatorial creativity with different threshold ! .

Low semantic similarity results in the two concepts be-
ing generated independently, rather than merging into a co-
hesive combination, as demonstrated by current T2I model
in Figure 3. On the other hand, high similarity increases the
likelihood of overfitting to one of the concepts. Therefore,
we identify an optimal threshold of θ = 0.5, which strikes
a balance between capturing semantic representations and
promoting combinatorial object generalization.

7. Conclusion

We propose CreTok, a novel approach that imparts meta-
creativity to T2I diffusion models by enhancing their se-
mantic understanding of “creative”. CreTok achieves this
by redefining “creative” as a universal token, <CreTok>,
enabling the model to achieve combinatorial creativity in a
zero-shot, image-free manner. Moreover, <CreTok> in-
tegrates seamlessly with natural language, facilitating con-
cept combinations across various styles without additional
training. Extensive experiments demonstrate that Cre-
Tok significantly enhances model creativity, outperforming
SOTA T2I models and creative generation methods.
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