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Abstract

Text-to-image (T21) diffusion models effectively produce se-
mantically aligned images, but their reliance on training
distributions constrains their capacity for synthesizing truly
novel, out-of-distribution concepts. Existing methods at-
tempt to enhance creativity through semantic exploration,
such as fusing known concept pairs, but the resulting images
remain linguistically describable and confined to familiar
semantic spaces. Inspired by the soft probabilistic outputs of
classifiers on novel or out-of-distribution inputs, we propose
Distribution-Conditional Generation, a paradigm that mod-
els novel concepts as image synthesis conditioned on class
distributions, enabling controllable yet semantically uncon-
strained creative generation. Building on this, we propose
DisTok, an encoder—decoder framework that unifies condi-
tional and unconditional creative generation by decoding
latent representations—either randomly sampled or mapped
from conditions (e.g., class distributions)—into tokens rep-
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Figure 1. We introduce Distribution-Conditional Generation, a novel paradigm that breaks semantic boundaries through fine-grained,

controllable concept fusion, and propose DisTok, an encoder—decoder framework unifying conditional and unconditional semantic
exploration, enabling efficient and flexible discovery of novel visual concepts.

resenting novel concepts. DisTok is trained by iteratively
sampling and fusing concept pairs from a dynamic pool to
model progressively complex distributions, while enforcing
semantic consistency through a vision-language model that
aligns the class distributions of generated images with the
input distributions. Extensive experiments demonstrate that
DisTok enables efficient and flexible semantic exploration
for token-level creative synthesis, achieving state-of-the-art
text—image alignment and human preference.

1. Introduction

Recent advances in text-to-image (T2I) models such as Sta-
ble Diffusion 3 [7] and Midjourney demonstrate remarkable
ability to generate semantically aligned images from nat-
ural language prompts [4, 34, 35], reflecting the maturity
of current generative models in reproducing established vi-
sual concepts. However, this reproducibility primarily stems
from their proficiency in modeling complex training data
distributions [3, 33], which tends to reinforce familiar seman-
tics and limits their capacity for out-of-distribution creativity



involving unknown or ambiguous concepts [5, 43].

Consequently, recent efforts have sought to foster creativ-
ity in generative models [9, 17, 30] through semantic explo-
ration aimed at synthesizing novel concepts. BASS [17] ex-
plores complex semantics by combining pairs of known con-
cepts, enabling semantically controlled out-of-distribution
synthesis while remaining constrained within established
conceptual boundaries. In contrast, ConceptLab [30] iden-
tifies tokens beyond established regions to explore novel
semantic spaces, yet this unconditional approach excludes
human-guided priors, making alignment with human intent
challenging. Hence, a more practical approach to semantic
exploration is needed to break semantic boundaries while
maintaining controllable creative concept generation.

A key challenge in semantic exploration is how fo se-
mantically characterize unknown concepts. Classification
models offer a useful perspective: when confronted with am-
biguous or out-of-distribution inputs, they typically produce
soft probability distributions over known classes, captur-
ing partial similarities without assigning a definitive label.
This suggests that novel concepts, though semantically un-
known, often follow recognizable patterns of known cate-
gories. Building on this insight, we invert the classification
process by generating images conditioned on class distri-
butions—a paradigm we term Distribution-Conditional
Generation—which enables fine-grained, controllable con-
cept fusion and provides an expanded interpretable space for
unconditional semantic exploration.

However, existing methods are limited to combinatorial
creativity between two known concepts, typically achieved
by combining reference images [17] or tokens [9], or via
diffusion-process interpolation [18, 36, 40], which restricts
their scalability to fine-grained control over class distribu-
tions involving multiple concepts. Thus, we propose DisTok,
an encoder—decoder framework with a learnable Distribu-
tion Encoder that maps arbitrary class distributions into a
latent space and a Creative Decoder that transforms any
latent vectors—either encoded or randomly sampled—into
creative concept tokens (Fig. 1). In this way, DisTok in-
herently unifies conditional and unconditional exploration,
enabling controllable generation and efficient discovery of
novel concepts, while its generated tokens can be seamlessly
embedded into natural language prompts to preserve seman-
tic consistency across diverse scenes and styles.

DisTok maintains a Concept Pool P initialized with to-
kens of known concepts and jointly optimizes two comple-
mentary objectives to generate increasingly complex and
semantically consistent creativity. To facilitate an increas-
ingly complex semantic composition, DisTok continuously
encode concept pairs (c1, c2) sampled from P and decodes
them into a single concept token ;. This process is indi-
rectly supervised by aligning an adaptive prompt (“a photo
of a (tcq)”) with restrictive prompts (“a ¢; ¢ and “a photo

of a cute pet”). To enhance semantic consistency, DisTok
periodically samples latent vectors from a Gaussian prior,
decodes them into novel tokens, and synthesizes correspond-
ing images. A pretrained vision-language model is then
queried to infer class distributions (e.g., via “What animal is
in the photo?”). The predicted distribution is used to super-
vise the alignment between the input class distribution and
the visual semantics of the output token. Resulting tokens
are added to ‘P, enabling subsequent semantic composition
toward increasingly complex class distributions.

DisTok is trained on known classes from CangJie [9]
and, once trained, can directly generate tokens representing
creative concepts without additional optimization, achieving
up to 13 x and 40x speedups over BASS and ConceptLab,
respectively. The generated tokens maintain strong semantic
consistency across prompts, enabling high-quality image
synthesis with enhanced human preference and text—image
alignment. Comprehensive evaluations with GPT-40 and
user studies further validate DisTok’s superiority in concept
integration and originality.

Our key contributions are as follows: (1) We introduce
Distribution-Conditional Generation, a novel paradigm that
leverages class distributions to more effectively break se-
mantic boundaries for creative generation. (2) We propose
DisTok, an encoder—decoder framework that unifies condi-
tional and unconditional exploration for fine-grained, control-
lable concept composition and efficient discovery of novel
visual concepts. (3) Extensive experiments validate Dis-
Tok’s state-of-the-art performance in creative generation,
consistently outperforming both standard T2I models and
creativity-focused methods in efficiency and diversity.

2. Related Work

Creative Generation. Text-to-image (T2I) models have
demonstrated impressive capabilities in synthesizing seman-
tically coherent images [13, 23, 39], yet extending these
models toward creative generation remains a central chal-
lenge for machine intelligence [21, 22]. Some diffusion-
based methods [11, 20] directly explore the latent space for
creative image generation, but the resulting outputs often
lack semantic flexibility and are difficult to reuse with natural
language prompts for diverse scenes.

To preserve semantic flexibility, recent methods explore
the creativity of T2I models by discovering tokens for pre-
viously unseen concepts. For instance, BASS [17] and
AGSwap [41] employ sampling and swapping strategies to
combine pairs of distinct concepts, CreTok [9] introduces a
dedicated token explicitly encoding combinational seman-
tics, and ConceptLab [30] promotes novelty by progressively
decreasing similarity to existing concepts. However, these
techniques remain constrained by discrete pairwise combina-
tions, restricting exploration of unknown semantic space and
preventing the full breaking of semantic boundaries. Thus,



we propose Distribution-Conditional Generation, which con-
ditions semantic exploration on distributions over known
classes, enabling fine-grained, controllable exploration in a
semantically unconstrained space.

Personalized Visual Content Generation. Personaliza-
tion aims to generate coherent representations of target con-
cepts from a few exemplar images [27, 32]. Early methods
such as Textual Inversion [10, 31] embed new identities
into unique tokens via optimization on reference images.
Recent work emphasizes modularity and compositionality,
with PartCraft [24] and Chirpy3D [25] modeling visual en-
tities at the part level to enable flexible recombination. Be-
yond token-level adaptation, some approaches adapt spe-
cific network components [12, 15] or introduce external
adapters [2, 6, 38] to improve flexibility. Other methods,
such as MagicMix [18], DiffMorpher [40], and ATTH [36],
promote innovative visual representations by interpolating
semantic representations during the diffusion process [42].
In contrast, DisTok directly generates conceptual mixtures
from latent vectors—either derived from specified class dis-
tributions or randomly sampled—producing tokens that cap-
ture abstract concepts and enable zero-shot generation of
unseen concepts without further training or adaptation.

3. Methods
3.1. Overview of DisTok

Unlike existing semantic exploration approaches for creative
generation [9, 17, 30], DisTok unifies conditional and uncon-
ditional exploration within an encoder-decoder framework.
The Distribution Encoder & projects class distributions
into a latent space, enabling the modeling of complex, hard-
to-describe visual concepts, while the Creative Decoder
Diok maps these latent representations—either derived from
specified class distributions or randomly sampled—into to-
kens that can be seamlessly integrated into prompts (Fig. 2).
Formally, given a class distribution p. € AKX, &
projects p,. into a latent vector z = Egs(p.) € R?, which is
then decoded into a creative concept token to = Dy (2) €
R? (§ < d). To progressively model more complex and
semantically coherent concepts, DisTok maintains a Con-
cept Pool P initialized with tokens of known concepts and
employs three key components to jointly train s and D :
¢ Continuous Concept Fusion (Sec. 3.2). DisTok con-
tinuously samples class pairs from P and trains to fuse
them into unified concepts, progressively enabling D,
to decode tokens corresponding to increasingly com-
plex class distributions from latent representations.
¢ Class Distribution Estimation (Sec. 3.3). DisTok gen-
erates novel concepts by decoding randomly sampled
latent vectors and predicting their class distributions
via VLMs, with the resulting tokens and distributions
added to P as novel concepts for further training.

* Distribution Consistency Enforcement (Sec. 3.4).
DisTok enforces consistency between the input class
distribution and the one predicted from generated im-
ages, providing direct supervision for both s and Dy
using novel concepts from P.

3.2. Continuous Concept Fusion based on Class
Pairs

To train the Distribution Encoder &£y and Creative De-
coder Dy for effective class distribution encoding and cre-
ative concept generation, it is first necessary to synthesize
distribution-describable images, since no direct training data
are available for this purpose.

BASS [17] and CreTok [9] demonstrate that basic combi-
natorial creativity can be achieved through text-pair fusion,
while ConceptLab [30] shows that newly generated tokens
can be recursively combined. This suggests that continuously
composing existing or novel concepts enables the generation
of images aligned with specific class distributions. For ex-
ample, given classes ¢y, ¢z, c3 € C, a target class distribution
pe = (0.25,0.25,0.5) over (c1, ¢z, ¢3) can be approximately
synthesized by first combining (c1, ¢2) into an intermediate
concept Cinter, then merging cineer With cs.

Thus, DisTok iteratively samples class pairs from the
current Concept Pool P [8] and performs concept fusion to
progressively enhance the Creative Decoder’s ability to syn-
thesize images corresponding to increasingly complex class
distributions, as illustrated in Fig. 2a. Specifically, given
two concepts (i.e. classes) ¢1,ca € P, their corresponding
tokens ¢, t5 are combined and encoded into a latent vector
z = &Eais(t1 + t2), which is subsequently decoded into a
creative token to = Dy (2).

To facilitate the fusion of ¢; and ¢y, we construct an
adaptive prompt q, = “a photo of a (t.)” and a restrictive
prompt q,(c1,c2) = “acy ¢o”, following the fusion strategy
in CreTok [9]. To further align generation with human-
preferred semantics, we introduce an auxiliary restrictive
prompt q; = “aphoto of a cute pet”’. Semantic fusion is
encouraged by minimizing:

Lumix = (1—cos(E(gr), £(qa)))+(1—cos(E(qs), E(¢a)))-

(D
where cos(a,b) = Wﬁb\\ denotes cosine similarity, and
E(-) is the text encoder (i.e., CLIP-L/14 [28] in Kandinsky
2.1). To prevent overfitting to a dominant concept, which
can artificially inflate similarity by disproportionately em-
phasizing one concept while neglecting others, we introduce
thresholding to regulate concept fusion. The final loss Lnix
is defined as:

Lomix :(1 - min[COS(E(QT)a E(qa))vel])
+ (1 — min[cos(E(qs), E(qq)), 02])-

where 07 and 65 are predefined thresholds controlling the
maximum allowed similarity.

2
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Figure 2. Overview of DisTok. At each training step, DisTok performs either (a) Continuous Concept Fusion, where a class pair is sampled
to train the model to generate tokens reflecting increasingly complex class distributions; or (b) Distribution Consistency Enforcement,
where a class distribution is sampled to align the encoder and decoder with the visual semantics of generated tokens. (c) Class Distribution
Estimation is periodically conducted by randomly sampling latent vectors and decoding them into tokens, whose class distributions are
subsequently predicted by a VLM. Resulting tokens and distributions are saved in Concept Pool for subsequent fusion and supervision.

3.3. Class Distribution Estimation via Vision-

Language Models (VLMs)

Building on the continuous concept fusion strategy in
Sec. 3.2, DisTok progressively learns to generate tokens
whose corresponding images ., produced by diffusion
models via Zoy = Gaigr(fert), reflect increasingly complex
class distributions. However, the fusion objective in Eq. (2)
provides only indirect supervision, encouraging the gener-
ated images to exhibit overall semantic fusion of (¢1, cg) at
the prompt level, without explicitly constraining the contri-
bution of each class within ¢, thereby limiting fine-grained
control over concept composition.

To enhance supervision, we extract fine-grained class dis-
tributions from the visual domain using a pretrained VLM,
such as BLIP [16]. Given a generated image x, the VLM
is queried with a prompt like “What animal is in the photo?”
and its token-level output logits pyim(c|ze) are obtained
over the known concept set Cy,w C P (Fig. 2¢). The result-
ing class distribution pey(c) = softmax (pym(c|zen)) reflects
the visual semantic distribution, and can thus be used to
encourage consistency between the input class distribution
and the visual semantics of the generated token ..

Images x. are generated through unconditional explo-
ration by randomly sampling latent vectors z ~ N(0, 1)
from a standard Gaussian distribution, decoding them into
creative tokens ¢y = Dyok(z), and synthesizing the corre-
sponding images Z¢;x = Gaigr(tere). To ensure these random

samples represent meaningful concepts rather than semantic
noise, we regularize the latent space [25] by minimizing:

1
E.
a(z)?

where p(2) and o(z) denote the mean and standard deviation
of the latent vectors, respectively.

This regularization encourages a near-zero mean and suf-
ficient variance in the latent space, promoting diversity and
preventing mode collapse. Consequently, new tokens and
images can be generated by sampling z from any distribu-
tion Q satisfying E,..g[z] = 0, enabling open-ended and
unconditional exploration (Sec. 5.2).

The sampling process of latent vectors for class distri-
bution prediction is periodically performed during training.
The resulting tokens ¢ and their associated distributions
Pert are added to P as novel concepts (tny1, povi) if they sat-
isfy max. pe(c) < 7, where 7 is a predefined threshold
controlling concept novelty. These novel concepts enable
higher-order semantic fusion (Sec. 3.2) and provide more
precise, fine-grained supervision for enforcing distribution
consistency (Sec. 3.4).

Ereg =

[Hln)II3] 3)

3.4. Distribution Consistency Enforcement between
Language and Visual Semantics

Building upon the expanded P, which includes tokens of
novel concepts t,, with VLM-predicted class distributions



payvl from the visual domain, we further supervise &5 to
improve alignment between input distributions and the visual
semantics of decoder outputs, as shown in Fig. 2b.

Specifically, during training, we sample a novel token
along with its associated class distribution p,,;. We compute
the weighted combination of relevant known concepts as
Y;pavi(i)t;, where t; denotes the token vector associated
with class ¢; € Cinw. This combined token is then encoded
into a latent vector z = Egis(2;pnvi(2)t;), and subsequently
decoded into a creative token t..

To enforce distribution consistency, we minimize the co-
sine distance between the text embeddings of the generated
token ¢y and the novel token t,,; sampled from P.

»Ccst =1- COS(E(tcrt); E(tnvl))a (4)

where E(-) denotes the text encoder and cos(-, -) denotes the
cosine similarity, both defined in Eq. (1).

Unlike the indirect supervision provided by concept fu-
sion (Eq. (2)), VLM-based consistency explicitly grounds
creative tokens in visual semantics. By directly aligning
generated tokens with their intended class distributions, it en-
courages &g to capture distributional semantics more faith-
fully, enabling DisTok to produce tokens of creative concepts
that are both visually novel and semantically coherent with
multi-concept compositions.

3.5. Iterative Training of DisTok

Each training iteration consists of n sampling steps, where
at each step we randomly perform either concept fusion
(Sec.3.2) or distribution consistency enforcement (Sec.3.4)
to jointly optimize Ey;s and Dyk. The overall training objec-
tive is defined as:

1o i) A i) i
Elolal = g Zl (aHr(nj)xE;j)x + B]I((:st)‘c((:st) + ,Y‘Clgeé) ) (5)

where I) 1% € {0,1} with I%). + 1) = 1, and o, B, v

~mix> k mix
are weighting coefficient.

4. Experiments

Datasets. We use the CangJie [9] dataset, which contains
60 common concepts. Originally designed for class-pair
conditioned semantic exploration, it includes 30 text pairs for
evaluating two-concept combinatorial creativity. To enable
distribution-conditional generation, we extend CangJie by
creating 30 class distributions through random combinations
and weighting of the original concepts.

Experimental Setup. Our implementation is based on
Kandinsky 2.1 [29], which employs CLIP-L/14 [28] as the
text encoder. The distribution encoder £y and creative de-
coder Dy are two-layer MLPs with a hidden dimension of
768 and a latent space dimension of 20. DisTok is trained

for 20K steps on an NVIDIA 4090 GPU with a batch size
of 1 and gradient accumulation over n = 8 steps (~30 min).
We use a cosine learning rate schedule with an initial rate
of 0.0005, and set « = 1, 8 = 1, v = 0.001 and 7 = 0.85.
Similarity thresholds 6; and 65 are set to 0.85 and 0.80.

Evaluation Metrics. We evaluate model performance us-
ing VQAScore [19], PickScore [14], and ImageReward [37],
which assess alignment with text prompts, aesthetic quality,
and human preferences. In addition, we employ GPT-40
and conduct a user study to evaluate creativity in terms of
conceptual integration, originality, and aesthetics.

5. Results

5.1. Performance on Conditional Exploration

5.1.1. Exploration Guided by Class Distributions

Distribution-Conditional Generation poses a novel challenge
in creative synthesis by requiring the generation of visual
concepts conditioned on fine-grained semantic distributions
over multiple known classes. We evaluate DisTok against
state-of-the-art T2I diffusion models, including Stable Diffu-
sion 3 and FLUX.

As shown in Fig. 3, while state-of-the-art diffusion mod-
els are effective at generating visually appealing images, they
struggle with creative synthesis when conditioned on class
distributions. In the absence of explicit mechanisms for mod-
eling such distributions, these models often fail to integrate
three or more concepts coherently—leading to missing se-
mantic elements, disjoint object representations, or visually
fragmented compositions. Moreover, they exhibit low sen-
sitivity to the specified class proportions (e.g., “55% pig”),
resulting in semantically unbalanced outputs and limited
control over fine-grained concept composition.

In contrast, DisTok employs an encoder-decoder architec-
ture that directly transforms class distributions into tokens of
creative concepts (i.e., (tc)), Which are subsequently gen-
erated by diffusion models. This framework enables the
generation of semantically coherent, visually integrated con-
cepts that faithfully reflect the specified class distributions,
supporting fine-grained and controllable synthesis beyond
discrete prompt-based generation.

5.1.2. Exploration Guided by Class Pairs

Semantic exploration guided by class pairs, typically formu-
lated as the Text Pair-to-Object (TP20) task [17], fuses two
known concepts into an integral representation and can be
viewed as a special case of distribution-conditional gener-
ation with a uniform distribution over two classes. DisTok
naturally generalizes to this setting and outperforms TP20-
specific methods, including BASS [17] and CreTok [9].

As shown in Fig. 4, DisTok generates visually coherent
and semantically integrated hybrids that better reflect both
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Figure 3. Performance of DisTok on Semantic Exploration Guided by Class Distributions.

(shark, Zebra) (Liown, sSnake) (Frog, Panda)

45 BASS @ «o0s

CreTok

3s

DisTok

(Plg, Sheep) (Penguin, Turtle) (Ant, Panoda)

(Lion, Shrimp) (Bee, Monkey)
LN L

Figure 4. Performance of DisTok on Semantic Exploration Guided by Class Pairs.

input classes. Compared to BASS, which requires costly it-
erative sampling and candidate filtering (~40s per concept),
DisTok directly encodes a concept pair and decodes a cre-
ative token in a single pass, incurring negligible additional
overhead over standard diffusion inference (~3s).

While CreTok successfully captures the semantics of com-
binatorial creativity through a shared token, enabling effi-
ciency and flexibility, its fixed fusion mechanism constrains
output diversity. As shown by its near-identical outputs for
(Lion, Snake) and (Lion, Shrimp), CreTok strug-
gles to distinguish between similar concept pairs, reflecting
limitations inherent to prompt-level fusion. In contrast, Dis-
Tok generates distinct and semantically coherent hybrids for
each pair, demonstrating stronger compositional sensitivity
and greater expressiveness. Thus, by modeling combinato-

rial creativity in latent space and aligning generated concepts
with human-preferred aesthetics, DisTok enables efficient,
diverse, and coherent creative generation.

5.2. Performance on Unconditional Exploration

DisTok provides a distinctive advantage over prior methods
such as CreTok [9] and BASS [17] by enabling reference-
free creative generation. As shown in Fig. 5a, CreTok relies
on explicit concept pairs and fails to produce diverse outputs
without such guidance. ConceptLab [30], enables uncon-
strained concept generation through iterative token optimiza-
tion to deviate from known classes, but suffers from high
computational cost (~120s per concept) due to its gradient-
based search process.

In contrast, DisTok employs an encoder-decoder frame-
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Figure 6. Tokens generated by DisTok can be seamlessly combined with natural language prompts to support diverse styles while preserving

conceptual consistency. See Appendix A.4 for more styles.

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

Class Pair | Class Distri.
BASS CreTok DisTok ‘ DisTok
VQAScore? [19] 0.667 0.695  0.840 \ 0.734
PickScore? [14] 21.67 2197 2233 21.23
ImageReward? [37] 0.387 1.018  1.168 0.661

work that enables direct sampling of latent vectors and decod-
ing into creative tokens without reliance on external prompts.
This design enables efficient exploration of novel and di-
verse concepts beyond simple recombinations of existing
ones, while eliminating iterative search and mitigating the
limitations of prompt-dependent methods.

More importantly, ConceptLab [30] remains semantically
constrained, as each optimization step merely pushes tokens
away from limited known classes, resulting in sparse, repeti-
tive clusters (red circle in Fig. 5d) and restricting diversity
and novelty, particularly in large-scale generation. In con-
trast, DisTok leverages a structured latent space regularized
during training (Sec. 3.3), enabling direct sampling from
any zero-mean, unit-variance distribution (e.g., Gaussian,
Laplace, Cauchy) without iterative optimization. As shown
in Fig. 5c, intra-distribution sampling yields substantial di-
versity, while inter-distribution sampling further enhances
variability, demonstrating DisTok’s effectiveness as a unified
framework for open-ended semantic exploration.

5.3. Universal Style Adaptability of DisTok

DisTok demonstrates strong universality in style-aware cre-
ative generation by directly producing creative tokens that
serve as reusable semantic anchors, enabling seamless style

Table 2. Creativity evaluated by GPT-4o.
Aesth.

Inte.  Align.  Orig. Compr.

£ SD3 6.3+1.8 5.74+3.4 5.8+4.8 8.0£0.5 6.5+£2.0
E SD35 6.7£1.3 6.1+£2.3 6.4+2.3 8.2+04 6.9+1.2
£ Kandinsky 7.7+£1.5 7.442.6 7.312.2 8.6+£0.4 7.8+1.4
% FLUX 8.0£0.9 7.7£1.5 8.0£1.4 8.8+£0.2 8.1+0.9
/ DisTok 9.24+0.2 9.24+0.2 9.8+0.1 9.9+£0.1 9.5+0.1
. BASS[17] 5.7£2.0 5.5£4.6 5.6+4.5 8.2+0.3 6.3+2.1
E CreTok [9] 7.3+2.3 7.7£5.3 7.1£3.0 8.8+£0.2 7.7+1.9

DisTok 9.3+0.3 9.94+0.1 9.2+0.2 9.1+0.3 9.4+0.1

transfer via natural language prompts without retraining. As
shown in Fig. 6, DisTok consistently preserves conceptual
identity across diverse styles. In contrast, BASS [17] and
other diffusion-based exploration methods [11, 20], which
sample and filter images without token representations, lack
the flexibility to adapt concepts via textual conditioning.

5.4. Evaluation for Creativity

Quantitative Comparisons. We evaluate DisTok on
image-text alignment and on human preference under both
text-pair and class-distribution conditions (Table 1). Dis-
Tok consistently outperforms BASS [17] and CreTok [9]
across all metrics on TP20 tasks, demonstrating its ability to
synthesize semantically faithful and aesthetically preferred
creative images. Although existing metrics may underesti-
mate outputs with strong out-of-distribution characteristics,
VQAScore still highlights DisTok’s strength in capturing
fine-grained conditions (e.g., class distributions).

Evaluation via GPT-40. Given the limitations of existing
metrics in capturing out-of-distribution creativity, we adopt
GPT-40 for assessments (prompts in Appendix B.1). Table 2
shows that DisTok outperforms all SOTA diffusion mod-
els on distribution-conditional generation task, with notable
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Figure 8. Comparison with Prompt Engineering. For each DisTok-generated concept, a corresponding textual prompt for Kandinsky [29] is

derived using GPT-40. All detailed prompts are provided in Fig. 14.

Table 3. Results of the user study.

Class Distribution |  Class Pair  |Uncondition
SD3 SD3.5 Kandinsky FLUX | BASS CreTok | ConceptLab
DisTok 312:188 320:180 355:145 278:222|396:104 330:170| 308:192

gains in originality and aesthetics, highlighting its capacity
to synthesize novel and creative concepts.

User Study. We conduct a user study with 100 participants
from diverse creative domains and higher education back-
grounds (see Appendix B.2 for details). Each participant
evaluates 50 image pairs generated by DisTok and baseline
methods across three tasks, selecting the image they find
more creative. As shown in Table 3, DisTok consistently
receives the majority of votes, outperforming both SOTA T2I
models and creativity-focused baselines. These results high-
light DisTok’s ability to synthesize semantically integrated,
visually coherent, and creatively compelling concepts.

5.5. Ablation and Analysis

Increasingly Complex Semantic through Concept Fusion.
DisTok decode creative concepts with increasingly complex
class distributions by repeatedly sampling concept pairs from
the Concept Pool and applying semantic fusion (Sec. 3.2).
To illustrate this progression, we visualize tokens decoded at
different training stages. As shown in Fig. 7, the resulting
images exhibit a clear trajectory from simple compositions
to semantically rich and entangled concepts, demonstrat-
ing DisTok’s capacity to model fine-grained compositional
variation within its latent space.

Distribution Consistency between Language and Visual
Semantics. DisTok promotes alignment between input
class distributions and the semantic content of generated im-
ages through distribution consistency enforcement (Sec. 3.4).
We evaluate its impact Table 4. Ablation of Distribution
via an ablation study by Consistency Supervision.
removing this supervi- DisTok
sion a.lnd computing the 0.0602
KL divergence between

w/o Cons.
KL| 0.0732

the input token distribution and the visual distribution pre-
dicted by BLIP. As shown in Table 4, removing this objective
significantly increases divergence, highlighting the impor-
tance of distribution consistency enforcement in maintaining
fine-grained semantic consistency during generation.

Creativity Beyond Linguistic Expression. Prompt engi-
neering guides diffusion models toward creative outputs via
handcrafted natural language prompts [1, 26]. However, it
presupposes that users have already conceptualized the de-
sired idea, shifting the burden of creativity to humans and
limiting machine intelligence. Nevertheless, we still com-
pare DisTok with prompt engineering to illustrate DisTok’s
generative capacity beyond linguistic expression.

For each image generated by DisTok, we extract a detailed
description using GPT-40 and reuse it as a prompt in standard
diffusion models (Fig. 8). Despite their linguistic richness,
these prompts often yield images with compositional arti-
facts, or diminished semantic coherence—underscoring rep-
resentational limits of natural language. In contrast, DisTok
directly generates semantically rich, linguistically inexpress-
ible concepts without human intervention.

6. Conclusion

Inspired by classifiers’ tendency to produce soft probabil-
ity distributions over known classes for out-of-distribution
inputs, we propose Distribution-Conditional Generation, a
paradigm that models creativity as image synthesis condi-
tioned on class distributions, enabling controllable yet se-
mantically unconstrained exploration for creative generation.
Building on this, we present DisTok, an encoder—decoder
framework that maps class distributions into tokens of cre-
ative concepts, unifying conditional and unconditional gen-
eration for both controllable and open-ended exploration.
Extensive experiments show that DisTok achieves state-of-
the-art performance in creative generation with enhanced
aesthetics, originality and semantic coherence.
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