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Figure 1. Given an input image, Diffusion Self-Distillation is a novel diffusion-based approach that generates diverse images that maintain
the input’s identity across various contexts. Unlike prior approaches that require fine-tuning or are limited to specific domains, Diffusion
Self-Distillation offers instant customization without any additional inference-stage training, enabling precise control and editability in

text-to-image diffusion models. This ability makes Diffusion Self-Distillation a valuable tool for general Al content creation.

Abstract

Text-to-image diffusion models produce impressive results
but are frustrating tools for artists who desire fine-grained
control. For example, a common use case is to create im-
ages of a specific concept in novel contexts, i.e., “identity-
preserving generation”. This setting, along with many
other tasks (e.g., relighting), is a natural fit for image+text-
conditional generative models. However, there is insufficient
high-quality paired data to train such a model directly. We
propose Diffusion Self-Distillation, a method for using a
pre-trained text-to-image model to generate its own dataset
for text-conditioned image-to-image tasks. We first lever-
age a text-to-image diffusion model’s in-context generation
ability to create grids of images and curate a large paired
dataset with the help of a vision-language model. We then
fine-tune the text-to-image model into a text+image-to-image
model using the curated paired dataset. We demonstrate that
Diffusion Self-Distillation outperforms existing zero-shot
methods and is competitive with per-instance tuning tech-
niques on a wide range of identity-preserving generation
tasks, without requiring test-time optimization. Project page:
primecai.github.io/dsd.

1. Introduction

In recent years, text-to-image diffusion models [24, 28, 29,
32] have set new standards in image synthesis, generating
high-quality and diverse images from textual prompts. How-
ever, while their ability to generate images from text is im-
pressive, these models often fall short in offering precise
control, editability, and consistency—Xkey features that are
crucial for real-world applications. Text input alone can be
insufficient to convey specific details, leading to variations
that may not fully align with the user’s intent, especially in
scenarios that require faithful adaptation of a character or
asset’s identity across different contexts.

Maintaining the instance’s identity is challenging, how-
ever. We distinguish structure-preserving edits, in which the
target and source image share the general layout, but may
differ in style, texture, or other local features, and identity-
preserving edits, where assets are recognizably the same
across target and source images despite potentially large-
scale changes in image structure (Fig. 3). The latter task
is a superset of the former and requires the model to have
a significantly more profound understanding of the input
image and concepts to extract and customize the desired
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Figure 2. Overview of our pipeline. Left: the top shows our vanilla paired data generation wheel (Sec. 3.1). We first sample reference
image captions from the LAION [33] dataset. These reference captions are parsed through an LLM to be translated into identity-preserved
grid generation prompts (Sec. 3.1.2). We feed these enhanced prompts to a pretrained text-to-image diffusion model to sample potentially
identity-preserved grids of images, which are then cropped and composed into vanilla image pairs (Sec. 3.1.1). On the bottom, we show our
data curation pipeline (Sec. 3.1.3), where the vanilla image paired are fed into a VLM to classify whether they depict identical main subjects.
This process mimics a human annotation/curation process while being fully automatic; we use the curated data as our final training data.
Right: we extend the diffusion transformer model into an image-conditioned framework by treating the input image as the first frame of
a two-frame sequence. The model generates both frames simultaneously—the first reconstructs the input, while the second is the edited
output—allowing effective information exchange between the conditioning image and the desired output.

identity. For example, image editing [2, 22, 43], such as
local content editing, re-lighting, and semantic image synthe-
sis, etc. are all structure-preserving and identity-preserving
edits, but novel-view synthesis and character-consistent gen-
eration under pose variations, are identity-preserving but not
structure-preserving. We aim to address the general case,
maintaining identity without constraining structure.

For structure-preserving edits, adding layers, as in Con-
trolNet [43], introduces spatial conditioning controls but is
limited to structure guidance and does not address consistent
identity adaptation across diverse contexts. For identity-
preserving edits, fine-tuning methods such as Dream-
Booth [31] and LoRA [13] can improve consistency us-
ing a few reference samples but are time consuming and
computationally intensive, requiring training for each refer-
ence. Zero-shot alternatives like IP-Adapter [42] and Instan-
tID [37] offer faster solutions without the need for retraining
but fall short in providing the desired level of consistency
and customization; IP-Adapter [42] lacks full customization
capabilities, and InstantID [37] is restricted to facial identity.

In this paper, we propose a novel approach called Diffu-
sion Self-Distillation, designed to address the core challenge
of zero-shot instant customization and adaptation of any
character or asset in text-to-image diffusion models. We
identify the primary obstacle that hinders prior methods,
such as IP-Adapter [42] and InstantID [37], from achieving
better identity preservation or generalizing beyond facial

contexts: the absence of large-scale paired datasets and cor-
responding supervised identity-preserving training pipelines.
With recent advancements in foundational model capabili-
ties, we are now positioned to exploit these strengths further.
Specifically, we can generate consistent grids of identical
characters or assets, opening a new pathway for customiza-
tion that eliminates the need for pre-existing, handcrafted
paired datasets—which are expensive and time consuming
to collect. The ability to generate these consistent grids
likely emerged from foundational model training on diverse
datasets, including photo albums, mangas, and comics. Our
approach harnesses Vision-Language Models (VLMs) to
automatically curate many generated grids, producing a di-
verse set of grid images with consistent identity features
across various contexts. This curated synthetic dataset then
serves as the foundation for fine-tuning and adapting any
identity, transforming the task of zero-shot customized im-
age generation from unsupervised to supervised. Diffusion
Self-Distillation offers transformative potential for applica-
tions like consistent character generation, camera control,
relighting, and asset customization in fields such as comics
and digital art. This flexibility allows artists to rapidly iterate
and adapt their work, reducing effort and enhancing creative
freedom, making Diffusion Self-Distillation a valuable tool
for Al-generated content.

We summarize our contributions as follows:

* We propose Diffusion Self-Distillation, a zero-shot
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Figure 3. Difference between structure-preserving and identity-
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identity-preserving customized image generation model
that scales to any instance under any context, with perfor-
mances on par with inference-stage tuning methods;

* We provide a self-distillation pipeline to obtain identity-
preserving data pairs purely from pretrained text-to-image
diffusion models, LLMs, and VLMs, without any human
effort involved in the entire data creation wheel;

* We correspondingly design a unified architecture for
image-to-image translation tasks involving both identity-
and structure-preserving edits, including personalization,
relighting, depth controls, and instruction following.

2. Related work

Recent advancements in diffusion models have underscored
the need for enhanced control and customization in image-
generation tasks. Various methods have been proposed to
address these challenges through additional conditioning
mechanisms, personalization, and rapid adaptation [26].

Control Mechanisms in Diffusion Models. To move be-
yond purely text-based controls, approaches like Control-
Net [43] introduce spatial conditioning via inputs such as
sketches, depth maps, and segmentation masks, enabling
fine-grained structure control. ControlNet++ [19] refines
this by enhancing the integration of spatial inputs for more
nuanced control. Uni-ControlNet [44] unifies various control
types within a single framework, standardizing the handling
of diverse signals. T2I-Adapter [23] employs lightweight
adapters to align pretrained models with external control
signals without altering the core architecture. While these
methods offer increased flexibility, they often focus on struc-
tural conditioning types such as depths and lack capabilities
for concept extraction or identity preservation.

Personalization and Fine-Tuning. Techniques like Dream-
Booth [31] and LoRA [13] enhance the consistency and
relevance of generated images by fine-tuning models with
small sets of reference images. DreamBooth [31] personal-
izes models to maintain a subject’s identity across different
contexts, while LoRA [13] provides an efficient approach to
fine-tuning large models without extensive retraining. How-
ever, these methods require multiple images and test-time
optimization for each reference, which can be computation-

ally expensive—especially with the exponential growth in
model sizes (12 billion parameters for FLUX).

Zero-Shot and Fast Adaptation. IP-Adapter [42] incorpo-
rates image prompts into diffusion models using image em-
beddings, allowing for generations that align closely with ref-
erence visuals. InstantID [37] ensures zero-shot face preser-
vation, maintaining a subject’s key features across various
contexts. While effective as zero-shot methods without user
training, IP-Adapter [42] struggles to adapt specific targets
like unique characters or assets, and InstantID [37] is lim-
ited to facial identity preservation. IPAdapter-Instruct [30]
enhances image-based conditioning with instruct prompts
but relies heavily on specific instructions and task-specific
pretrained models. Other methods, such as SuTI [7] and
GDT [15], handcrafted corresponding datasets, which are ex-
pensive and challenging to collect and scale. Another work
along this line is Subject-Diffusion [21], which uses seg-
mentation masks to create synthetic data for training but is
bounded by achieving only simple attributes and accessories
copying and editing within input images.

Existing methods contribute valuable advancements but
often target specific domains or require user-stage tuning.
Diffusion Self-Distillation bridges these gaps by offering a
unified, zero-shot approach for consistent customization of
characters and assets using minimal input. By leveraging
self-distillation assisted by vision-language models, Diffu-
sion Self-Distillation provides a comprehensive and adapt-
able solution for a wide range of creative applications.

3. Diffusion Self-Distillation

We discover that recent text-to-image generation models of-
fer the surprising ability to generate in-context, consistent
image grids (see Fig. 2, left). Motivated by this insight, we
develop a zero-shot adaptation network that offers fast, di-
verse, high-quality, and identity-preserving, i.e., consistent
image generation conditioned on a reference image. For this
purpose, we first generate and curate sets of images that ex-
hibit the desired consistency using pretrained text-to-image
diffusion models, large language models (LLMs), and vision-
language models (VLMs) (Sec. 3.1). Then, we finetune the
same pretrained diffusion model with these consistent im-
age sets, employing our newly proposed parallel processing
architecture (Sec. 3.2) to create a conditional model. By
this end, Diffusion Self-Distillation finetunes a pretrained
text-to-image diffusion model into a zero-shot customized
image generator in a supervised manner.

3.1. Generating a Pairwise Dataset

To create a pairwise dataset for supervised Diffusion
Self-Distillation training, we leverage the emerging
multi-image generation capabilities of pretrained text-to-
image diffusion models to produce potentially consistent



vanilla images (Sec. 3.1.1) created by LLM-generated
prompts (Sec. 3.1.2). We then use VLMs to curate these
vanilla samples, obtaining clean sets of images that share the
desired identity consistency (Sec. 3.1.3). The data generation
and curation pipeline is shown in Fig. 2, left.

3.1.1. Vanilla Data Generation via Teacher Model

To generate sets of images that fulfill the desired iden-
tity preservation, we prompt the teacher pretrained text-
to-image diffusion model to create images containing
multiple panels featuring the same subject with vari-
ations in expression, pose, lighting conditions, and
more, for training purposes. Such prompting can be
as simple as specifying the desired identity preserva-
tion in the output, such as “a grid of 4 images repre-
senting the same < object/character/scene/etc. >,
“an evenly separated 4 panels, depicting identical <
object/character/scene/etc. >, etc. We additionally
specify the expected content in each sub-image/panel. The
full set of prompts is provided in our supplemental material
Sec. A. Our analysis shows that current state-of-the-art text-
to-image diffusion models (e.g., SD3 [8], DALL-E 3, FLUX)
demonstrate this identity-preserving capability, likely emerg-
ing from their training data, which includes comics, mangas,
photo albums, and video frames. Such in-context generation
ability is crucial to our data generation wheel.

3.1.2. Prompt Generation via LLMs

We rely on an LLM to “brainstorm” a large dataset of diverse
prompts, from which we derive our image grid dataset. By
defining a prompt structure, we prompt the LLM to produce
text prompts that describe image grids. A challenge we
encountered is that when prompted to create large sets of
prompts, LLMs tend to produce prompts of low diversity.
For example, we noticed that without additional guidance,
GPT-40 has a strong preference for prompts with cars and
robots, resulting in highly repetitive outputs. To address
this issue, we utilize the available image captions in the
LAION [33] dataset, feeding them into the LLM as con-
tent references. These references from real image captions
dramatically improve the diversity of generated prompts.
Optionally, we also use the LLM to filter these reference
captions, ensuring they contain a clear target for identity
preservation. We find that this significantly improves the hit
rate of generating consistent multi-image outputs.

3.1.3. Dataset Curation and Caption with VLMs

While the aforementioned data generation scheme provides
identity-preserving multi-image samples of decent quality
and quantity, these initial “uncurated” images tend to be
noisy and unsuitable for direct use. Therefore, we leverage
the strong capabilities of VLMs to curate a clean dataset. We
extract pairs of images from the generated samples intended
to preserve the identity and ask the VLM whether the two

images depict the same object, character, scene, etc. We
find that employing Chain-of-Thought prompting [38] is
particularly helpful in this context. Specifically, we first
prompt the VLM to identify the common object, character,
or scene present in both images, then have it describe each
one in detail, and finally analyze whether they are identical,
providing a conclusive response. This process yields pairs
of images that share the same identity.

3.2. Parallel Processing Architecture

We desire a conditional architecture suitable for general
image-to-image tasks, including transformations in which
structure is preserved, and transformations in which con-
cepts/identities are preserved but image structure is not. This
is a challenging problem because it may necessitate the trans-
fer of fine details without guaranteeing spatial correspon-
dences. While the ControlNet [43] architecture is excel-
lent at structure-preserving edits, such as depth-to-image or
segmentation-map-to-image, it struggles to preserve details
under more complex identity-preserving edits, where the
source and target images are not pixel-aligned. On the other
hand, IP-Adapter [42] can extract certain concepts, such as
styles, from the input image. Still, it strongly relies on a
task-specific image encoder and often fails to preserve more
complex concepts and identities. Drawing inspiration from
the success of multi-view and video diffusion models [1, 3—
5, 10-12, 14,16, 18, 34, 35, 39, 41], we propose a simple yet
effective method to extend the vanilla diffusion transformer
model into an image-conditioned diffusion model. Specifi-
cally, we treat the input image as the first frame of a video
and produce a two-frame video as output. The final loss is
computed over the two-frame video, establishing an identity
mapping for the first frame and a conditionally editing target
for the second frame. Our architecture design allows gen-
erality for generic image-to-image translation tasks, since
it enables effective information exchange between the two
frames, allowing the model to capture complex semantics
and perform sophisticated edits, as shown in Fig. 2, right.

4. Experiments

Implementation details. We use FLUX1.0 DEV as both
our teacher and student models, achieving self-distillation.
For prompt generation, we use GPT-40; for dataset curation
and captioning, we use Gemini-1.5. We train all models on
8 NVIDIA H100 80GB GPUs with an effective batch size of
160 for 100k iterations, using AdamW optimizer [20] with a
learning rate 10~%. Our parallel processing architecture uses
LoRAs with rank 512 on the base model.

Datasets. Our final training dataset contains ~ 400k subject-
consistent image pairs generated from our teacher model,
FLUX1.0 DEV. Generating and curating the dataset is
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Figure 4. Qualitative comparison. Overall, our method achieves high subject identity preservation and prompt-aligned diversity while
not suffering from a “copy-paste” effect, such as the results of [IP-Adapter+ [42]. This is largely thanks to our supervised training pipeline,

which alleviates the base model’s in-context generation ability.

fully automated and requires no human effort, so its size
could be further scaled. We use the publicly available
DreamBench++ [25] dataset and follow their protocols for
evaluation. DreamBench++ [25] is a comprehensive and
diverse dataset for evaluating personalized image gener-
ation, consisting of 150 high-quality images and 1,350
prompts—significantly more than previous benchmarks like
DreamBench [31]. The dataset covers various categories
such as animals, humans, objects, etc., including photoreal-
istic and non-photorealistic images, with prompts designed
to span different difficulty levels (simple/imaginative). In
contrast, prompts are generated using GPT-40 and refined by
human annotators to ensure diversity and ethical compliance.

Baselines. We follow the setups in DreamBench++ [25] and
compare our model with two classes of baselines: inference-
stage tuning models and zero-shot models. For inference-
stage models, we compare against Textual Inversion [9],
DreamBooth [31] and its LoRA [13] version. For zero-shot
models, we compare with BLIP-Diffusion [17], Emu?2 [36],
IP-Adapter [42], IP-Adapter+ [42].

Evaluation metrics. The evaluation protocol of prior

works [7, 30, 31, 42] typically involves comparing the
CLIP [27] and DINO [6] feature similarities. However, we
note that the metrics mentioned above capture only global
semantic similarity, are extremely noisy, and are biased to-
wards “copy-pasting” the input image. This is especially
troublesome when the input image or the prompt is complex.
We refer to DreamBench++ [25] for a detailed analysis of
their limitations. Therefore, we follow the metrics designed
in DreamBench++ [25] and report GPT-40 scores on the
more diverse DreamBench++ [25] benchmark for both con-
cept preservation (CP) with different categories of subjects
and prompt following (PF) with photorealistic (Real.) and
Imaginative (Imag.) prompts, then use their product as a
final evaluation score. This evaluation protocol emulates
a human user study using VLMs. We additionally slightly
modify the GPT evaluation prompts so that penalization can
be applied if the generated contents show no internal under-
standing and creative output but instead naively copy over
components from the reference image. The modified met-
rics are named “de-biased concept preservation (Debiased
CP)” and “de-biased prompt following (Debiased PF)”. The
full set of GPT evaluation prompts will be provided in our
supplementary Sec. B.
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Figure 5. Qualitative result. Our Diffusion Self-Distillation is capable of various customization targets across different tasks and styles, for
instance, characters or objects, photorealistic or animated. Diffusion Self-Distillation can also take instruction types of prompts as input,
similar to InstructPix2Pix [2]. Further, our model exhibits relighting capabilities without significantly altering the scene’s content.

Qualitative results. Fig. 4 presents our qualitative com- DreamBooth [31] and DreamBooth-LoRA [13, 31] face chal-
parison results, demonstrating that our model significantly lenges in maintaining consistency, primarily because they
outperforms all baselines in subject adaptation and concept perform better with multiple input images. This dependency
consistency while exhibiting excellent prompt alignment and limits their effectiveness when only a single reference image
diversity in the outputs. Textual Inversion [9], as an early is available. In contrast, our method achieves robust results
concept extraction method, captures only vague semantics even with just one input image, highlighting its efficiency
from the input image, making it unsuitable for zero-shot and practicality. BLIP-Diffusion [17], operating as a self-
customization tasks that require precise subject adaptation. supervised representation learning framework, can extract
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IP-Adapter v/ 0667 0558 0504 0.576 |0.743 0.446 0.607 | 0.350 | 0.790 0.764 0.743  0.766 |0.695 0.377 0.589 0.451
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Ours v/ 0647 0.567 0.640 0.631 |0.777 0.625 0.726 | 0.458 | 0.852 0.774 0.750 0.789 |0.808 0.681 0.757 0.597

Table 1. Quantitative result. On the human-aligned GPT score metrics, our method is only inferior to IP-Adapter+ [42] for concept

) <

preservation (largely because of IP-Adapter families

copy-pasting” effect) and the tuning-base DreamBooth-LoRA [13, 31] for prompt

following, but outperforms every other baseline, achieving the best overall performance considering both concept preservation and prompt
following. We also note that on the de-biased GPT evaluation, which penalizes “copy-pasting” the reference image without significant
creative interpretation or transformation, the advantages of IP-Adaper+ [42] no longer hold. This can also be partly observed by their bad
prompt following scores, meaning they are biased towards the reference input and are not accommodating the input prompt. The first,
second, and third values are highlighted, where Diffusion Self-Distillation is the best overall performing model.

concepts from the input in a zero-shot manner but is confined
to capturing overall semantic concepts without the ability to
customize specific subjects. Similarly, Emu2 [36], a multi-
modal foundation model, excels at extracting semantic con-
cepts but lacks mechanisms for specific subject customiza-
tion, limiting its utility in personalized image generation. IP-
Adapter [42] and IP-Adapter+ [42] employ self-supervised
learning schemes aimed at reconstructing the input from en-
coded signals. While effective in extracting global concepts,
they suffer from a pronounced “copy-paste” effect, where the
generated images closely resemble the input without mean-
ingful transformation. Notably, IP-Adapter+ [42], which
utilizes a stronger input image encoder, exacerbates this is-
sue, leading to less diversity and adaptability in the outputs.
In contrast, our approach effectively preserves the subject’s
core identity while enabling diverse and contextually appro-
priate transformations. As illustrated in Fig. 5, our Diffusion
Self-Distillation demonstrates remarkable versatility, adeptly
handling various customization targets across different tar-
gets (characters, objects, etc.) and styles (photorealistic,
animated, etc.). Moreover, Diffusion Self-Distillation gener-
alizes well to a wide range of prompts, including instructions
similar to InstructPix2Pix [2], underscoring its robustness
and adaptability in diverse customization tasks.

Quantitative results. Quantitative comparison with the
baselines are shown in Tab. 1, where we report GPT eval-
uation following DreamBench++ [25]. Such an evalu-
ation protocol is similar to human score but uses auto-
matic multimodal LLMs. Our method achieves the best
overall performances accommodating both concept preser-
vation and prompt following, while only being inferior
to IP-Adapter+ [42] for the former (mainly because of
the “copy-paste” effect again), and the per-instance tuning
DreamBooth-LoRA [13, 31] for the latter. We note that the
concept preservation evaluation of DreamBench++ [25] is
still biased towards favoring a “copy-paste” effect, especially
on more challenging and diverse prompts. For instance, the

outstanding concept preservation performances of the IP-
Adapter family [42] are primarily because of their strong
“copy-paste” effect, which copies over the input image with-
out considering relevant essential changes in the prompts.
This can also be partly observed by their underperforming
prompt following scores, which means they are biased to-
wards the reference input and do not accommodate the input
prompt. Therefore, we also present our “de-biased” ver-
sion of GPT scores, which are as simple as telling GPT
to penalize if the generated image resembles a direct copy
of the reference image. We observe that the advantages of
IP-Adaper+ [42] no longer hold. Overall, Diffusion Self-
Distillation is the best-performing model.

Ablation studies. (1) Data curation: During dataset gen-
eration, we first synthesize grids using a frozen pre-trained
FLUX model and then filter the images via VLM curation.
Why not fine-tune the FLUX model on image grids to im-
prove the hit rate? To study this, we fit a LoRA [13] using
> 7000 consistent grids (Fig. 6, left). Though a more sig-
nificant proportion of samples are consistent grids, we find
that the teacher model loses diversity in its output. There-
fore, we choose to rely entirely on VLMs to help us curate
from large numbers of diverse but potentially noisy grids.
(2) Parallel processing architecture: We compare the par-
allel processing architecture to three alternative image-to-
image architectures: 1) concatenating the source image to
the noise image (“concatenation”); 2) a ControlNet [43]-
based design, and 3) an IP-Adapter [42]-based design. We
train each architecture using the same data as our parallel
processing model (Fig. 6, middle). For ControlNet [43],
we draw the same conclusion as prior work [14], in that it
works best for structure-aligned edits, but generally strug-
gles to preserve details when the source image and target
image differ in camera pose. IP-Adapter [42] struggles to
effectively transfer details and styles from the source image
due to the limited capacity of its image encoder. (3) Other
image-to-image tasks: Although not “self-distillation”, since
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wearing ornate gold and red formal aftire,
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A red four-door sedan parked in front of
abrightly lit storefront, with the camera
angled slightly towards the driver's side.
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Figure 6. Ablation study. Left: We compare the base model’s in-context sampling ability with a consistent grid LoRA-overfitted model.
We observe that although applying LoRA to the base model can increase the likelihood of outputs being consistent grids, it may adversely
affect output diversity. Therefore, we rely on vision-language models (VLMs) to curate from a large number of diverse but potentially noisy
grids. Right: We compare our architectural design with a vanilla conditional model (by adding a few input channels), ControlNet [43], and
IP-Adapter [42]. Our architecture learns the input concepts and identities significantly better. We also demonstrate that our architecture can
effectively scale to depth-conditioned image generation similar to ControlNet [43].

Method CP1t PF1 Creativity T
Textual Inversion [9] 1.693 1.924 2.850
DreamBooth [31] 2.329 2.883 3.597
DreamBooth LoRA [13,31] 2.576 3.386 4.247
BLIP-Diffusion [17] 1.854 2.281 0.286
Emu2 [36] 1.843  2.096 2.965
IP-Adapter [42] 2274  2.307 3.481
IP-Adapter+ [42] 3.733 1.959 2.428
Ours 3.661 3.328 4.453

Table 2. User study. “CP” refers to concept preservation scores
and “PF” refers to prompt following scores. The first, second, and
third values are highlighted. Our user study results mostly align
with our GPT evaluation, where our Diffusion Self-Distillation is
the best overall performing model.

it requires an externally-sourced paired dataset (generated
with Depth Anything [40]), we additionally train our archi-
tecture on depth-to-image to demonstrate its utility for more
general image-to-image tasks (Fig. 6, right).

User study. To evaluate the fidelity and prompt consistency
of our generated images, we conducted a user study on a ran-
dom subset of the DreamBench++ [25] test cases, selecting
20 samples. A total of 25 female and 29 male annotators,
aged from 22 to 78 (average 34), independently scored each
image from 1 to 5 based on three criteria: (1) concept preser-
vation—the consistency with the reference image, (2) prompt
alignment—the consistency with the given prompt, and (3)
creativity—the level of internal understanding and transfor-
mation. The average scores are presented in Tab. 2. Our
human annotations closely align with the GPT evaluation,
demonstrating that our Diffusion Self-Distillation is slightly
behind IP-Adapter+[42] in concept preservation and the
inference-stage tuning method DreamBooth-LoRA [13, 31]
in prompt alignment. Notably, our model achieved the high-
est creativity score, while IP-Adapter+ [42] scored lower
in this metric due to its “copy-paste” effect. These results
further confirm that our Diffusion Self-Distillation offers the

most balanced and superior overall performance.

5. Discussion

We present Diffusion Self-Distillation, a zero-shot approach
designed to achieve identity adaptation across a wide range
of contexts using text-to-image diffusion models without
any human effort. Our method effectively transforms zero-
shot customized image generation into a supervised task,
substantially reducing its difficulty. Empirical evaluations
demonstrate that Diffusion Self-Distillation performs com-
parably to inference-stage tuning techniques while retaining
the efficiency of zero-shot methods.

Limitations and future work. Our work focuses on identity-
preserving edits of characters, objects, and scene relighting.
Future directions could explore additional tasks and use
cases. Integration with ControlNet [43], for example, could
provide fine-grained and independent control of identity and
structure. Additionally, extending our approach from image
to video generation is a promising avenue of future work.

Ethics. We are mindful of the potential misuse, particularly
in deepfakes. We oppose exploiting our work for purposes
that infringe upon ethical standards or privacy.

Conclusion. Our Diffusion Self-Distillation democratizes
content creation, enabling identity-preserving, high-quality,
and fast customized image generation that adapts seamlessly
to evolving foundational models, significantly expanding the
creative boundaries of art, design, and digital storytelling.
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Supplementary Material

A. Data Pipeline Prompts

In this section, we list out the detailed prompts used in
our data generation (Sec. A.1), curation (Sec. A.2) and cap-
tion (Sec. A.3) pipelines.

A.l. Data Generation Prompts

To generate grid prompts, we employ GPT-40 as our lan-
guage model (LLM) engine We instruct the LLM to focus
on specific aspects during the grid generation process: pre-
serving the identity of the subject, providing detailed content
within each grid quadrant, and maintaining appropriate text
length. However, we observed that not all sampled refer-
ence captions inherently include a clear instance suitable for
identity preservation. To address this issue, we introduce an
initial filtering stage to ensure that each sampled reference
caption contains an identity-preserving target. This filtering
enhances the quality and consistency of the generated grids.

Grid Generation Prompts ]

User Prompt:

Please be very creative and generate a prompt for text-to-image generation
using flux, the prompt should create an evenly seperated grid of four. The four
quadrants depict an identical item/asset/character under different
environments/camera views/lighting conditions, etc (please be very very
creative here). Every prompt should specify what the top-left, top-right, bottom-
left, bottom-right quadrant depicts. Extract the asset from the following caption:
<sampled_reference_caption>

System Prompt:

Response only the required prompt. Keep the fomat as one line and be as short
and precise as possible, do not exceed 77 tokens. Be very creative! It could be a
four-panel comic strip, a four-panel mangaq, real images, etc. The prompt
should start with 'a grid of ...!

A.2. Data Curation Prompts

For data curation, we employ Gemini-1.5. To guide the
vision-language model (VLM) in focusing on identity preser-
vation, we utilize Chain-of-Thought (CoT) prompting [38].
Specifically, we first instruct the VLM to identify the com-
mon object or character present in both images. Next, we
prompt it to describe each one in detail. Finally, we ask the
VLM to analyze whether they are identical and to provide a
conclusive response. We find that this CoT prompting sig-
nificantly enhances the model’s ability to concentrate on the
identity and intricate details of the target object or character.

Data Curation Prompts ]

CoT Step 1:

Can you identity a common character/asset/item in the two images?

CoT Step 2:

Could you describe to me what the character/asset/item looks like in detail in
the two images?

CoT Step 3:

Do the two images depict identical character/asset/item presented under
different poses/lighting conditions/camera views/environment/etc.? Please
consider this in terms of character/asset/item identity and be extremely critical.
Could you describe to me what the common character/asset/item looks like in
detail if it is indeed the same? End the response with a single 'yes' or 'no".

A.3. Image Caption Prompts

We provide two methods for prompting our model: using
the description of the expected output (Target Description)
or InstructPix2Pix [2]-type instructions (Instruction).

Image Caption Prompts ]

Target Description:

Please provide a prompt for the image for Diffusion Model text-to-image
generative model training, i.e. for FLUX or StableDiffusion 3. The prompt should
be a detailed description of the image, including the character/asset/item, the
environment, the pose, the lighting, the camera view, etc. The prompt should be
detailed enough to generate the image. The prompt should be as short and
precise as possible, in one-line format, and do not exceed 77 tokens.

Instruction:

Please provide a caption/prompt for the purpose of image-to-image editing, so
that the prompt edits the first image into the second image. Do not include terms
such as 'transform!, 'image’, etc.

B. GPT Evaluation Prompts

We closely follow DreamBench++ [25] in terms of our GPT
evaluation. In Fig. 7, we demonstrate the prompts we use
for evaluation, including our “de-biased” evaluation that
penalizes “copy-pasting” effect.

C. Additional Results

C.1. Additional Qualitative Comparisons

In Fig. 8, we demonstrate more of the qualitative evaluation
cases from the DreamBench++ [25] benchmark.

C.2. Additional Qualitative Results

Due to space constraints in the main paper, we presented
shortened prompts. Here, we provide additional qualitative
results in Fig. 9, Fig. 10, Fig. 11, Fig. 12, Fig. 13 and Fig. 14,
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Figure 7. GPT evaluation prompts used across our evaluation, where the left shows the vanilla prompts from DreamBench++ [25] and
the right shows our modified “de-biased” prompts, which strongly penalizes “copy-pasting” effects without sufficient creative inputs. We

highlight our modified sentences in red.

including the full prompts used for their generation. These
detailed captions capture various aspects of the images and
offer deeper insights into how our model operates.

C.3. Story Telling

Our model exhibits the capability to generate simple comics
and manga narratives, as demonstrated in Fig. 15 and Fig. 16,

where the conditioning image acts as the first panel. To
create these storytelling sequences, we input the initial panel
into GPT-40, which generates a series of prompts centered
around the main character from the input image. These
prompts are crafted to form a coherent story spanning 8—10



panels, with each prompt being contextually meaningful on
its own. Utilizing these prompts alongside the conditioning
image, we generate the subsequent panels and finally align
them to reconstruct a cohesive narrative.

Story Telling Prompts ]

Step 1: Identify Main Character

Please provide a prompt for the image for Diffusion Model text-to-image
generative model training, i.e. for FLUX or StableDiffusion 3. The prompt should
be a detailed description of the image, including the character/asset/item, the
environment, the pose, the lighting, the camera view, etc. The prompt should be
detailed enough to generate the image. The prompt should be as short and
precise as possible, in one-line format, and does not exceed 77 tokens.

Step 2: Coherent Story Generation

Can you generate a series of prompts using the main character? The series of
prompts should form a coherent story of 8-10 panels.

Step 3: Prompts Generation

Can you transfer the prompts so that each of them is individually sound?

D. Discussion on Scalability

We acknowledge that the scalability of Diffusion Self-
Distillation is not fully explored within the scope of this

paper. However, we posit that Diffusion Self-Distillation
is inherently scalable along three key dimensions. First,
Diffusion Self-Distillation can scale with advancements
in the teacher model’s grid generation capabilities and its
in-context understanding of identity preservation. Sec-
ond, the scalability extends to the range of tasks we lever-
age; while this paper focuses on general adaptation tasks,
a broader spectrum of applications remains open for ex-
ploration. Third, Diffusion Self-Distillation scales with
the extent to which we harness foundation models. In-
creased diversity and more meticulously curated data con-
tribute to improved generalization of our model. As founda-
tion models—including base text-to-image generation mod-
els, language models (LLMs), and vision-language mod-
els (VLMs)—continue to evolve, Diffusion Self-Distillation
naturally benefits from these advancements without necessi-
tating any modifications to the existing workflow. A direct
next step involves scaling the method to incorporate a sig-
nificantly larger dataset and integrating forthcoming, more
advanced foundation models.



reference prompt Textual Inversion DreamBooth DreamBooth-LoRA  BLIP-Diffusion Emu2
- —

A basketball shoe transforming
into a rocket, blasting off from the
free-throw line towards the hoop

A man ascending a
of falling autumn leav
vanishing into a mist

A photograph of a man reading a
newspaper on a park bench

A samurai walking through a
portal that leads to a futuristic
cityscape

A photograph of a guitar hanging
on a brick wall adorned with
vintage posters

A photo of a minion in a bustling
city street, trying to hail a taxi

A photograph of a street lamp
covered in snow during a quiet
winter night

A French bulldog wearing a tiny
Jjetpack, zooming playfully around
the Eiffel Tower

A photo of a pixelated warrior
standing guard at the entrance of a
digital castle

Figure 8. Additional qualitative comparison.



afemale anime character with long dark hair

tied up with golden ornaments, wearing

awhite dress with gold accents and large
white feathered wings, standing in

ameadow of wildflowers under a vibrant

sunset sky, soft lighting, camera low angle.

aclose-up of a cartoon mushroom with a
brown cap, tan spots, and an angry
expression, serving as a table centerpiece

‘a majestic female anime character with long

dark hair

a female anime character with long dark hair

ied up with gold

wearing a flowing white dress with gold accents,
and large white feathered wings, gracefully

soaring through a stormy sk, iluminated
by a brilliant flash of lightning,
camera view from below.

adetailed, intricate llustration of a brown,
spotted mushroom with a menacing frown,
perched atop a towering,

dress with gold accents and large white

feathered wings, gazing thoughtfully towards
adistant sunlit city, holding a closed red book,

softlighting, medium close-up.

aclose-up of a cartoon mushroom with
brown cap and tan spots, sitting on
wooden table beside a steaming mug of tea.

ornaments, wearing a white

aserene with long
dark hair adorned with golden ornaments,

clad in o flowing white dress with gold accents,

standing amidst a blooming cherry blossom
orchard, sunlight filtering through
the delicate petals, camera close-up.

afemal character with long dark hair

tied up with golden ornaments, wearing a white

dress with gold accents and large white
feathered wings, kneeling on a cliff
overlooking a stormy sea, holding a
closed red book in her hands, wind

whipping her hair, dramatic lighting

aminiature, PP
fan spofs sits on @ vintage typewriter, its
red-rimmed eyes squinting intently at the keys.

a render of  brown, spotted
mushroom cap with an angry expression,
perched on a miniature wooden table

at afancy dinner party. crumbling stone archway. with a checkered tablecloth.

‘aman with along beard and mustache, aman with a long beard and mustache, wearing
wearing a dark green beret and brown coat, a dark green beret and brown coat, meticulously
meticulously crafting a wooden boat in his examines a vintage map under the
workshop, bathed in the warm glow  flickering light of a gas lamp in a cozy bookstore.
of afternoon sunlight.

‘aman with a long beard and mustache,
wearing a dark green beret and brown
coat, meticulously repairs a vintage
telescope in his dimly lit workshop.

adark green beret and brown coat on a
weathered wooden table beside
a steaming cup of coffee.

aman with a long beard and mustache,
wearing a dark green beret and brown coat,
meticulously paints a still life of a bowl
of fruif on a weathered wooden table,
bathed in warm afternoon light.

ayellow, riveted robot with headphones, large  a yellow, riveted robot with headphones, large ~ a yellow, riveted robot with large circular eyes

circular eyes, and arficulated hands performing  circular eyes, and articulated hands holding  and articulated hands, holding a glowing blue

a complex dance routine on a brightly lit stage. ~a vintage record player, against a backdrop of afuturistic cityscape at night.
abustling city skyline at sunset

ayellow, riveted robot with headphones and
eyes, standing proudly on a stage,

shining on its articulated hands
olding a microphone.

led, close-up view of a yellow, riveted
robot with large circular eyes,
and articulated hands, holding a miniature
cityscape made of intricate gears and cogs,
illuminated by soft, warm lighting

9
spotlight

P e

acartoon cat with orange and white fur
wearing a blue pirate jacket and a black
pirate hat, perched atop a giant red mushroom
in a magical forest, with vibrant colors
and whimsical lighting.

‘aman with a long beard and mustache,
wearing a dark green beret and brown
coat, meticulously repairs a vintage
telescope in his dimly lit workshop.

‘aman with a long beard and mustache,
wearing a dark green beret and brown coat,
meticulously paints a still life of a bowl
of fruit on a weathered wooden table,
bathed in warm afternoon light.

wearing @ dark green beret and brown coat, a dark green beret and brown coat, meticulously
meticulously crafting a wooden boat i examines @ vintage map under the
workshop, bathed in the warm glow flickering light of a gas lamp in a cozy bookstore.
of afternoon sunlight.

Figure 9. Additional character identity preserving results.



ablack woman with long, curly hair, wearinga  a black woman with long, curly, dark hair, ablack woman with long, curly, dark hair, ‘ablack woman with long, curly, dark hair, ablack woman with long, curly, dark hair
teal and white gown, stands gracefully  wearing a teal and white gown, is standingina  wearing a flowing eal dress, sits thoughtfully  wearing a teal and white outfit, gracefully holds is holding a microphone and singing on stage,
in @ grand ballroom, holding a single white rose.  dimly lif, ornate ballroom, holding asilver  on a park bench, holding a bookin her lap. @ book in her hand, her eyes focused intently on bathed in spotlight.
goblet, her eyes gazing thoughtfully at @ the pages, bathed in the warm glow of  sunset.
flickering candle.

asleek blue android with hair in a bun, standing a sleek, blue-haired android gracefully dances afemale a with blue ahyperrealistic portrait of a fer asleek, blue hol ic playing
ina futuristic laboratory, carefully examining  amidst @ vibrant, neon-lif cityscape, her metallic  Wearing a blue sports bra, perfor android with flowing blue hair inabun,  a complex algorithm, nestied amidst glowing
a circuit board under a bright, sterile light,  limbs moving in a captivating choreography. complex balle routine on a stage wearing a blue sporfs bra, her eyes closed,  circuits and wires in a futuristic laboratory.
illuminated by neon lights. bathed in soft, ethereal light.

o 3
a istic portrait of an ic a ic image of an ic o image of an phic o i ic gazelle with a
gazelle with orange fur, large ears, and a black gazelle with orange fur, large ears, and a black gazelle with orange fur, large ears, and ablack  orange fur, large ears, and a black nose, orange fur, large ears, and a black nose,
nose, wearing a red jacket, white shirt, blue  nose, wearing a red jacket, white shirt, blue  nose, wearing a red jackef, white shirt, blue  wearing a red jacket, white shirt, blue shorts,  wearing a red jacket, white shirt, blue shorts,
shorts, and red sneakers, holding a paintbrush shorts, and red sneakers, standing proudly on a shorts, and red sneakers, standing ina bustling ~ and red sneakers, gracefully standingona  and red sneakers, conducting a symphony
and palette, painting a vibrant sunset  mountain peak, holding a felescope, looking ot marketplace, surrounded by vendors and stage under bright spotlights, holding a orchestra with a baton, surrounded by
landscape. the majestic sunrise: colorful stalls, holding a basket of fresh fruit.  microphone, singing with a confident smile. musicians in a grand concert hall,

‘ayoung woman with long black hair, wearing @ young woman with long black hair, wearing aa young woman with long black hair, wearing a @ young woman with long black hair, wearing a @ young woman with long black hair, wearing a
white robe and red sash, gazes at a shimmering white robe and red sash, gracefully dances ona  white robe and red sash, standsin a field of  white robe and red sash, gazes intensely at @ white robe and red sash, gazes at a full moon,
galaxy from a mountaintop, bathed in the soft  cloud in a vibrant, colorful meadow bathed in sunflowers at sunset, holding a violin. glowing orb in a futurisic laboratory, perched on a rooftop overlooking a bustling
light of a full moon. the warm glow of a sefting sun. surrounded by complex machinery. city.

Al - - S S - <t P Al -5
abrown bear cub with large, round ears, a playful brown bear cub with large, round ears, W0 brown bear cubs with large, round ears, a brown bear cub wit L abrown bear cub with large, round ears,
a small, black nose, and large, expressive eyes, a small, black nose, and expressive eyes @ small, black nose, and expressive eyes plays black nose, and large, expressive eyes playfully a small, black nose, and large, expressive
rests playfully on a fallen log in a sun-dappled frolics on @ sunny meadow, chasing butterflies, with a fallen log in a sun-dappled forest clearing wrestles with a fallen log in eyesresting on a fallen log
forest clearing, looking towards asun-dappled forest clearing. in a dappled sunlit forest clearing

avibrant red mushroom.

Figure 10. Additional character identity preserving results
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a detailed close-up of a vibrant rainbow avibrant rainbow "love is love" shirt hanging @ vibrant rainbow “love is love" shirt, hanging  a vibrant, rainbow "love is love" shirt wearing  a close-up shot of a white shirt with a rainbow
“love is love" design printed on a white on a clothesline, fluttering in on a clothesline in a bustling parisian market, by a lovely blonde girl standing in “love is love" design, draped over a rustic
cotton t-shirt, lying on a bed of colorful a gentle summer breeze. sunlight dappling through the fabric. abustling, sunny marketplace. wooden chair in a dimly lit
wildflowers, bathed in warm sunlight. vintage clothing store.

awhite pillow with a circular beach print a pristine white pillow with a circular beach  a pristine white pillow with a circular beach awhite pillow with a circular beach print a white pillow with a circular beach print
featuring a sandy beach, a body of water, print of a serene sandy beach, azure water,  print depicting a sun-drenched sandy beach, featuring a sandy beach, a body featuring a sandy beach, a body of water,
and a hazy sky, lying on a wooden table and hazy sky, nestled on a weathered wooden turquoise ocean, and hazy sky, nestled of water, and a hazy sky, resting on and a hazy sky, resting on a wooden
with @ cup of coffee and a book beside . porch swing bathed in warm afternoon sunlight. amongst plush white linens on a wicker chair on a sunny patio. table next to a steaming cup of coffee.
a luxurious king-size bed

adazzling rose gold ring with an oval pink stone @ close-up, macro shot of a rose gold ring aclose-up shot of a rose gold ring arose gold ring with a large oval-shaped pink a close-up of a rose gold ring with an oval
surrounded by @ halo of diamonds, ifs split with a large oval pink stone surrounded  with a large oval-shaped pink stone and a halo stone and a halo of white diamonds, pink stone and diamond halo, the band split
band forming a delicate flower, displayedon by @ halo of white diamonds, the splitband  of white diamonds, the band splittingand  the band splits and wraps into a flower shape, and forming a flower, resting on
apristine white velvet cushion within a forming a delicate flower design, restingon  forming a flower, resting on a pristine white  resfing on a velvet cushion inside  vintage awhite velvet cushion, bathed in warm,
gleaming mahogany ring box, capturedina  a worn leather journal with a faded inscription. marble countertop bathed in jewelry box illuminated by golden sunlight streaming through a window.
close-up shot with soft, warm lighting. soft, warm sunlight. asingle, warm spotlight.

ashimmering, iridescent perfume boftle a shimmering, pink glass perfume bottle o detailed, intricate engraving of a perfume  a sleek, crystal-clear perfume bottle labeled a crystal clear glass perfume bottle, efched
labeled "vip" with pink liquid, resting on labeled "vip" on a pristine white marble  bottle labeled "vip" with pink liquid, restingon  "vip" with shimmering pink liquid, resting with "vip" in gold, filled with vibrant pink
avelvet cushion inside a gilded antique vanity. pedestal, surrounded by blooming avelvety crimson cushion within a grand, on a pristine white marble pedestal liquid, resting on a smooth, polished
orchids in a sunlit greenhouse. ornately decorated jewelry box. bathed in soft, warm light. wooden table in a dimly lt library.

our first couple

our first couple

e . .
aglass christmas ornament with fwo black  a glass christmas ornament with twoblack o detailed, intricate engraving of a perfume a glass christmas ornament with twoblack  a glass christmas ornament with two black
and white penguins kissing under a clear and white penguins kissing under a clear  bottle labeled "vip" with pink liquid, restingon  and white penguins kissing under a clear and white penguins kissing under a clear
globe, standing on a white base that reads  globe, standing on a white base that reads  a velvety crimson cushion within a grand, globe, standing on a white base that reads  globe, standing on a white base that reads
“our first couple’, hanging from a vintage- ‘our first couple’, held by a woman with @ ornately decorated jewelry box. ‘our first couple!, resfing onawornwooden ‘our first couple, nestled in a snowy forest
style christmas free adorned with twinkling red scarf smiling in a dimly lit christmas table in a cozy living room lit by warm clearing bathed in soft morning light.

lights. market, candlelight.

Figure 11. Additional object/item identity preserving results.



‘aweathered brown, bipedal dinosaur foy ‘aweathered brown, bipedal dinosaur foy @ dusty, worn brown dinosaur foy with a aclose-up photorealistic shot of a brown, a brown, bipedal dinosaur foy with a
with a prominent crest, sharp feeth, and with a prominent crest, sharp feeth, and prominent crest, sharp teeth, and three-  bipedal dinosaur oy with a prominent crest,  prominent crest, sharp teeth, and three-

three-fingered claws, stands forgottenona  three-fingered claws, nestled amongst the fingered claws, perched precariously on the sharp teeth, and three-fingered claws, fingered claws, perched atop a dusty,
dusty shelf in a cluttered antique shop. antique frinketsin a dusty, forgottenattic.  edge of a child's cluttered desk, with ablurry  clutched in a child's hand, against a sunlit, vintage record player, its needle gently
background of a messy bedroom blue sky background stroking a scratched vinyl record.

avintage gramophone with a large, rust avintage gramophone with a large, rusty avintage gramophone with alarge, rusty o steampunk robot, perched on a crumbling  a vintage gramophone with a large, rusty
metallic horn, angled left, intricate gold metallic horn, angled left intri Id angled left, i Idbase,  brick wall, delicately adjusting the needle of a  metallic horn, angled left, intricate gold
base, perched afop a crumbling stone base, perched on a dusty windowsill resting atop a dusty, weathered shipwreck vintage gramophone with alarge, rusty base, on a dusty antique table in a sun-
archway overlooking a bustling medieval overlooking a bustling cityscape at sunset.  surrounded by swirling, turquoise waters.  metallic horn, against a backdrop of swirling,  drenched parisian cafe, with a young woman
marketplace neon-it clouds. inaberet lost in thought as she listens to the
music.

agold heart-shaped pendant necklace with o golden heart-shaped pendant necklace a golden heart-shaped pendant necklace ‘agleaming gold heart-shaped pendant agold heart-shaped pendant necklace with
sparkling crystals, dangling from abroken  adorned with glittering crystals, resting atop with sparkling crystals hangs from the necklace, adorned with sparkling crystals, sparkling crystals, hanging on a dusty
robot hand reaching into a futuristic city aweathered, moss-covered stone n a rearview mirror of @ vintage convertible, lies nestled in the palm of a weathered, windowsill bathed in the warm glow of a
skyline. tranquil forest clearing bathed in dappled reflecting the setting sun. wrinkled hand belonging fo @ wise old sefting sun.
sunlight. woman.

O £ 2

-

‘aweathered green and brown canvas aweathered green and brown canvas avintage green and brown canvas nvas aweathered green and brown canvas
weekender bag with leather accents, tucked weekender bag with leather accents, weekender bag with leather accents, weekender bag with worn leather accents,  weekender bag with leather accents, nestled
inside a dusty, cobweb-draped antique strapped fo the back of a robot exploringa  perched atop @ mountain peak, overlooking  hanging from the hook of a rusty swing sef, amongst the tools in a bustling artisan's
trunk in a forgotten aftic. desolate martian landscape. a sprawling city skyline bathed in the golden swaying gently in the breeze. workshop.

hour.

£ e 3
ablack toy bear with jointed arms and legs, a black foy bear with jointed arms and legs, a black foy bear with jointed arms and legs, @ black foy bear with jointed arms and legs, @ black foy bear with jointed arms and legs,
wearing a square pendant, nexttoared  wearing a square pendant, perched onadusty  wearing a square pendant, stands on a wearing a square pendant, standing on wearing a square pendant, perched on
balloon and walking on a fightrope windowsill overlooking a cityscape dusty shelf in a dimly lit attic, iluminated by awooden table in a vintage toy store adusty shelf lluminated by a single,
above a swirling galaxy. bathed in a warm, golden sunset. asingle ray of sunlight streaming with warm lighting flickering candle i a dimly lit attic.

through a broken window.

Figure 12. Additional object/item identity preserving results.



make the boot rest on @ moonlif cobblestone  put the boot on a dusty, moonlit windowsill in
an abandoned victorian mansion

street, beside a crumpled map

make the pony stand on a polished wooden  make the pony stand against a shimmering  make the pony leap over a rainbow-colored
podium under the bright stage lights rainbow over a bustling city sk hurdle in a vibrant circus tent

put the pony through a neon-it cityscape

make the pony gallop across a field of
sunflowers under a vibrant sunset

make the warrior stride through make the character poise for battle amidst a
fiery sunset illuminating a desolate battlefield

a sun-dappled meadow
[

‘make the character silhouette against a fiery

make the character strides confidently
sunset with a raised sword

through @ misty, ancient forest

make the character stand amidst ancient
ruins bathed in soft, diffused light

@
<

B/ o

(-
. G
;

)
=
L

make the pug perch on a giant, glowing
mushroom in a surreal, psychedelic forest

v

make the pug dance on a stage bathed ina

make the pug sit on a vintage suitcase, gazing
spotlight with a microphone

make the pug wear a finy pilot's helmet and  make the pug wear a tiny astronaut sut, float
in space surrounded by stars intently at a flickering gramophone

goggles, sit on a control panel in the cockpit
of avintage biplane

put the book on @ worn wooden table in a dimly
litlibrary, illuminated by soft, warm light from
nearby window

make the old man hold a glowing orb aloft,

v
with a dramatic pose against a stormy sky.

(N
make the old man look out a window at

‘make the old man read a few pages from
bustling city street holding a cup of coffee

worn leather-bound book, weathered and
aged, lying open on a dusty wooden table

‘make the old man stand on a rocky cliff
holding a golden chalice, overlooking a vast,
swirling ocean under a stormy sky

Figure 13. Additional instruction prompting results.



‘acloudy evening light

‘adramatic, stormy sky aharsh, blue-toned sky bright moonlight avibrant, post-rain morning soft, warm glow of sunrise

adark lighting soft, diffused, natural lighting

a twilight sky golden afternoon with dappled sunlight illuminated by a volcanic eruption aradiant, shimmering, light

Figure 14. Additional relighting results.
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Suddenly, he realized something, his intense
gaze locked onto a passage he had just read.
The warm lamplight threw his shadow across

In a room dimly lit by a single lamp, a serious
man in a dark suit sat at a wooden table,

reading an old book intently. Framed portraits

adorned the green walls, and shadows shifted the room, making it loom large against the walls

subtly under the soft, directional lighting. The and highlighting his furrowed brow. Something

man’s expression was deeply focused, as if the he had discovered in the book seemed urgent—
almost alarming.

secrets of the universe lay within the pages.

Raising his head, the man’s eyes fixed on the With a sense of determination, he reached out to
wall of portraits. Holding the old book open in touch a specific portrait, the old book tucked
one hand, he approached the paintings, his under his arm. His fingers lightly brushed the
eyes narrowing with focus. The faces in the frame, and his expression grew thoughtful,
curious. The soft light emphasized his focused

frames seemed to stare back at him, and he
scanned each one carefully, as if hoping to find gaze, as if the touch itself might reveal a hidden
something—some connection—that only he truth.
could see.

Midway through the corridor, he stopped
abruptly. Glowing symbols began to appear on

Steeling himself, he cautiously stepped into the

narrow corridor. The passage was lined with
dusty bookshelves, and the faint, flickering light the walls, casting an ethereal light that danced
barely illuminated the space. He held the old around him. The man’s face was illuminated, a
book close, his expression a mix of wariness look of wonder mingling with his focused
and determination, ready to face whatever lay determination, as if he was on the brink of
ahead. understanding a great mystery.

He leaned forward over the table, urgently
flipping through the pages. His hands trembled
slightly, and the golden light from the lamp
illuminated his tense features, deepening the
lines of concentration etched into his face.
Whatever he sought, he was desperate to find it.

Just then, a creaking sound broke the silence. A
hidden door began to open in the wall, and the
man stepped back in shock, his eyes wide. The
old book clutched in his hands, he stared at the
widening gap, where light from a secret
passage spilled into the room, creating eerie,
shifting shadows.

Finally, he reached the end of the passage,
where a grand, ancient door loomed before
him. It was adorned with intricate, glowing
runes that pulsed with a life of their own. The
man held the old book tightly against his chest,
awe and anticipation mixing in his expression,
while radiant light seeped through the cracks.

Figure 15. Comic generation example 1. The conditioned image is the first panel.
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In a room filled with vibrant colors and energy, a
focused man with a shaved head and a gold
chain sat at a table. He was deeply engrossed in
drawing on a sheet of paper, his pencil moving
with purpose, while warm light spilled over
graffiti-like murals painted on the walls around
him. His expression was determined, as if every
line he sketched carried deep meaning.

When he was finished, he stepped back to
admire his work, arms crossed over his chest.
The mural was alive with vivid, swirling graffiti,

and his face lit up with pride. The warm light
glowed over the artwork, and for a moment, he
stood there, content, knowing he had given life
to his vision.

He walked to the doorway, peering out into the
distance. The warm light of the room spilled out
into the world beyond, casting long shadows on
the floor. Something had drawn his attention,
and he knew he had to explore it. The spark of
adventure lit his eyes, and he stepped forward.

- l'« = g - A
After a moment, he held up his sketchpad in his
hands. His eyes scanned the drawings he had
created, and a look of resolve crossed his face.
The colorful murals behind him seemed to
mirror the intensity in his gaze, the warm
lighting accentuating the passion that had
sparked within him.

But he was not done yet. He returned to the
table, sketchpad in hand, and began drawing
again. His pencil moved even faster now,
capturing new ideas that poured into his mind.
The room was a swirl of vibrant murals and soft,
warm shadows, the energy of creation pulsing

through the space.

Outside, the man found himself bathed in the
golden light of the setting sun. He walked with
purpose, the colors of the urban world around
him just as vibrant as the murals he had
created. He felt a sense of unity with the
graffiti-covered walls that stretched along the
city streets.

Suddenly inspired, he approached one of the
large murals. He began to draw directly onto

Suddenly, he turned his head slightly, as a noise

the wall. His movements were precise and

intentional, as colors and patterns flowed from
his imagination to the surface. The warm light
bathed his intense expression, as if illuminating

the raw energy of his creativity.

from outside broke his concentration. He set
down his pencil, his expression one of curiosity
and intrigue. The warm light reflected off his
dark jacket, and the graffiti walls behind him
seemed to whisper with a story yet to be
discovered.

Finally, he paused at a street corner and started
sketching again. The warm sunset light
enveloped him, and he realized that his art had
become a part of something larger—a story
woven into the very fabric of the city. His
Jjourney of creativity had led him here, and he
knew there were still many more stories to tell.

Figure 16. Comic generation example 2. The conditioned image is the first panel.
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