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Supplementary Material

Overview

In this supplementary material, we provide extensive addi-
tional experimental results to further substantiate the effec-
tiveness and robustness of RealDiffusion. The document is
organized as follows:

• Appendix A presents additional qualitative comparisons
against state-of-the-art methods. These visual results fur-
ther validate our framework’s superiority in maintain-
ing character consistency while preserving narrative dy-
namism across diverse scenarios.

• Appendix B conducts a comprehensive ablation analysis
detailing the effectiveness of insulated heat diffusion and
region-aware stochasticity.

• Appendix C explores the robustness and generalization
capabilities of our framework by demonstrating its sta-
bility across different random seeds, various community
fine-tuned SDXL backbones, and distinct identity inputs.

• Appendix D showcases the potential of RealDiffusion in
generating long-form narratives, proving its ability to sus-
tain character consistency over extended sequences.

A. Additional Main Experiments

In this section, we present additional qualitative compar-
isons to further demonstrate the superiority of RealDiffu-
sion over existing state-of-the-art approaches. We compare
our method against seven leading baselines: IP-Adapter [8],
PhotoMaker [3], StoryDiffusion [9], ConsiStory [6], One-
Prompt-One-Story (1P1S) [4], Zigzag Sampling [2], and
CharaConsist [7]. To comprehensively evaluate the perfor-
mance, we selected six diverse prompt sets covering both
multi-character interactions and single-character narratives.
The results regarding multi-character interactions are visu-
alized in Figures 1 and 2, while single-character narratives
are presented in Figure 3.
Multi-character Scenarios. As shown in Figures 1 and 2,
the first two prompt sets involve complex interactions be-
tween two distinct characters. This setting poses a signifi-
cant challenge for existing methods which frequently suffer
from identity leakage or attribute swapping where the fea-
tures of one character blend into the other. Baselines such
as IP-Adapter and PhotoMaker tend to average these fea-
tures leading to characters that appear indistinguishable. In
contrast, RealDiffusion effectively utilizes dynamic subject
masks and insulated heat diffusion to disentangle identi-
ties. This approach ensures that each character maintains its
unique visual appearance while interacting naturally within

the scene and successfully prevents visual traits from bleed-
ing into neighboring regions.
Single-character Narratives. The subsequent prompt sets
illustrated in Figure 3 focus on single-character genera-
tion across varying scenes and artistic styles. The primary
challenge here lies in balancing robust identity preservation
with the diversity of poses and backgrounds required by the
prompts. While baseline methods often struggle to maintain
narrative dynamism and frequently result in repetitive poses
or rigid facial expressions, RealDiffusion addresses this bal-
ance effectively. Our framework preserves high-fidelity de-
tails including specific clothing textures, hairstyles, and fa-
cial features across frames. Furthermore, it allows the char-
acter to faithfully adhere to the text instructions for com-
plex actions and scene changes, enabling the generation of
diverse poses that strictly follow the narrative description.

B. Additional Ablation Studies
In this section, we provide a more detailed analysis of
the individual contributions of each component within the
RealDiffusion framework. We specifically examine the
visual impact of the insulated heat diffusion mechanism
and the region-aware stochasticity process. The qualitative
comparisons illustrating the necessity of these core modules
are presented in Figure 4.

B.1. Impact of Individual Modules
Effectiveness of insulated heat diffusion. To strictly vali-
date the necessity of physical regularization, we analyze the
generation results when the framework operates solely un-
der the guidance of region-aware stochasticity. In this spe-
cific configuration, the system lacks the dissipative smooth-
ing kernel inherently provided by the heat equation. Con-
sequently, despite the presence of identity signals, we ob-
serve significant high-frequency artifacts and inconsistent
attributes such as flickering clothing details or unstable fa-
cial structures between adjacent frames. These visual dis-
crepancies confirm that the insulated heat diffusion mech-
anism is indispensable for suppressing temporal noise and
ensuring a smooth and coherent visual progression through-
out the entire narrative sequence.
Effectiveness of region-aware stochasticity. Conversely,
we assess the performance when the system is constrained
to operate using only insulated heat diffusion to regulate
temporal consistency. While this configuration effectively
ensures strong character coherence and minimizes identity
drift, it simultaneously introduces a risk of over-smoothing



Prompt A: Golden age fairy tale style, girl and big bear;
sharing honeycomb, napping, dancing together, following

trail of glowing mushrooms.

Prompt B: Luminous fantasy painting, female elf and deer;
antlers glowing with soft starlight, walking, offering the deer

an apple, watching floating ruins in the sky.
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Figure 1. A qualitative comparison of our RealDiffusion against seven state-of-the-art baseline models in multi-character scenarios.

features which actively suppresses narrative motion. The re-
sulting images tend to appear overly rigid or stagnant as the
model fails to break away from the averaged feature mean
without the complementary random perturbations. This
limitation demonstrates that the region-aware stochasticity
is essential for exploring the latent space to enable natural
pose variations and dynamic background evolution as dic-

tated by the text prompts.

C. Robustness and Generalization

In this section, we explore the robustness and generalization
capabilities of the RealDiffusion framework. Our evalua-
tion covers three key aspects: stability across varying ran-



Prompt A: Pixar animated film style, old man and girl; in
sunlit mushroom village, hesitantly accepting a flower,
sharing a big red apple, pointing way with a tiny map.

Prompt B: A solarpunk digital art of man and woman;
tending a rooftop garden together, designing cities on screen,

looking out from sunlit arcology, riding a solar pod.

IP
-A

da
pt

er
Ph

ot
oM

ak
er

St
or

yD
iff

us
io

n
C

on
si

St
or

y
1P

1S
Z

ig
za

g
Sa

m
pl

in
g

C
ha

ra
C

on
si

st
O

ur
s

Figure 2. A qualitative comparison of our RealDiffusion against seven state-of-the-art baseline models in multi-character scenarios.

dom initialization seeds, compatibility with diverse commu-
nity fine-tuned SDXL backbones, and the distinctiveness of
character identities under identical narrative constraints.

C.1. Impact of Random Seeds
Diffusion models are inherently stochastic as the initial
noise sampling significantly influences the final image lay-

out and composition. To ensure that the consistency of our
method is not an artifact of cherry-picked seeds, we tested
the same prompt across multiple distinct random seeds.

As illustrated in Figure 5, while changing the seed al-
ters the specific pose, background composition, and light-
ing details as expected in generative models, RealDiffusion
consistently maintains the identity of the subject. The facial



Prompt A: Colored pencil drawing, librarian with glasses;
stamping a book with a vintage date stamp, pushing a cart

filled with library books, placing a book carefully back on the
shelf, adjusting her glasses on her nose gently.

Prompt B: A photorealistic illustration of a woman; standing
at a window with soft daylight, resting her hand lightly on the
frame, leaning on the sill in a relaxed pose, standing beside a

simple table and chair.
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Figure 3. A qualitative comparison of our RealDiffusion against seven state-of-the-art baseline models in single-character.

features, clothing style, and overall character attributes re-
main robust across all varying initializations. This confirms
that our Physics-informed Attention mechanism provides a
stable regularization constraint that operates effectively re-
gardless of the initial noise distribution.

C.2. Compatibility with Different Backbones

A key advantage of RealDiffusion is its training-free na-
ture, which allows it to be seamlessly integrated into vari-
ous community-finetuned models without the need for pa-
rameter fine-tuning. We evaluated our framework on the



Prompt A: Macro photography of plastic bricks, boy and
lion; standing on a green baseplate, driving a small brick car
together, holding a plastic sword playfully, walking through a

brick door frame.

Prompt B: High-key fashion photography, woman and
cheetah; walking powerfully forward together, looking fierce

with elegant intensity, sitting on a white minimal cube,
jumping in the air with vibrancy.
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Figure 4. A qualitative ablation study demonstrating the effectiveness of insulated heat diffusion and region-aware stochasticity.

Prompt A: Makoto Shinkai anime style, students in uniform;
leaning against a metal railing, pointing at a plane contrail,

looking at messages on phone, smiling at the city view below.

Prompt B: Studio Ghibli style concept art, girl and bear;
putting the small bear into a glass jar, planting a glowing seed
in the soil, watching the glowing seed sprout, sitting together.
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Figure 5. A qualitative evaluation of robustness across different random initialization seeds.

official Stable Diffusion XL [5] and three popular com-
munity checkpoints including Playground V2.5 [1], Re-
alVisXL V4.0, and Juggernaut XL V9.

The qualitative results illustrating this compatibility are
presented in Figure 6.

• Playground V2.5: Playground V2.5 is known for its high
aesthetic quality and vibrant color palettes; our method
preserves its artistic rendering style while effectively fix-
ing the character identity.

• RealVisXL V4.0: RealVisXL V4.0 focuses on hyper-



Prompt A: Bright underwater photography, girl and turtle;
swimming, diving deep, chasing fish, floating calmly.

Prompt B: Art Nouveau Mucha style, woman and peacock;
dancing, touching each other, wearing silk, looking at flowers.
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Figure 6. A qualitative evaluation of compatibility across different community fine-tuned SDXL backbone models.

realistic photography, and our method ensures that the in-
tricate skin textures and realistic lighting effects on the
subject remain consistent.

• Juggernaut XL V9: Juggernaut XL V9 is optimized for
cinematic composition, and our method successfully gen-
erates high-contrast, movie-like scenes featuring the same
consistent actor.

Across all these diverse backbones, RealDiffusion suc-
cessfully disentangles the narrative generation from identity
preservation, demonstrating that our physics-based prior is
model-agnostic and highly versatile.

C.3. Impact of Identity Variation

To further verify the robustness of our disentangled archi-
tecture, we evaluated the model’s ability to handle distinct
identity inputs under identical narrative constraints. We se-
lected two groups of contrasting identities and generated
story sequences using fixed frame prompts for each group.

The results are presented in Figure 7. In the first two
rows, despite the significant visual differences between the
reference identities, RealDiffusion accurately reflects the
unique facial features and appearance defined by the re-
spective identity prompts. Crucially, the narrative progres-
sion—including specific poses, actions, and background el-
ements—remains consistent across the different subjects.
This confirms that our framework successfully disentangles
character identity from narrative evolution. The insulated

heat diffusion mechanism ensures that the specific iden-
tity features are propagated smoothly across frames without
interfering with the structural layout dictated by the story
prompts.

D. Long Story Generation

Generating coherent narratives over extended sequences
poses a significant challenge for autoregressive-style or
multi-frame diffusion models due to the problem of error
accumulation. In many existing approaches, minor incon-
sistencies in early frames tend to propagate and amplify
over time, causing the identity of the character to gradually
drift away from the initial reference.

To evaluate the long-term stability of RealDiffusion, we
generated a continuous story consisting of 40 frames. As
visualized in Figure 8, we display the sequence in five con-
secutive segments covering the full progression from Frame
1 to Frame 40.

The results demonstrate that our framework maintains
remarkable identity consistency throughout the vast major-
ity of the 40-frame sequence. The insulated heat diffusion
mechanism effectively acts as a continuous stabilizer by
suppressing the high-frequency noise that typically leads to
attribute drift. Consequently, the key features of the sub-
ject such as facial structure, hairstyle, and clothing details
remain stable across the extended narrative. This stability
persists even as the poses and scene contexts evolve dy-



ID Image Frame 1 Frame 2 Frame 3 Frame 4
Chinese animation style,
scholar and fox/boy and

dragon

sitting quietly in a golden glow, leaning close to each other gently, playing a melody on
a wooden Guqin, sharing a piece of sweet osmanthus cake.

High Renaissance oil
painting,woman and
girl/inventor and boy

examining a crafted brass astrolabe, grinding pigments in bright daylight, laughing as a
flying machine soars, sharing a meal by the sunlit window.

Figure 7. Qualitative evaluation of identity variation under fixed narrative prompts. Rows 1-2 and 3-4 share identical story descriptions but
distinct identity inputs to demonstrate robust disentanglement.

namically according to the plot. This capability confirms
that RealDiffusion is well-suited for long-form visual sto-
rytelling tasks where sustained coherence is paramount.
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Figure 8. A qualitative demonstration of long-term stability in a continuous 40-frame story generation task.
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