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Figure 1. Applications of SyncSDE. SyncSDE analyzes diffusion synchronization to identify where the correlation strategies should be
focused, enabling coherent and high-quality results across diverse collaborative generation tasks.

Abstract

There have been many attempts to leverage multiple diffusion
models for collaborative generation, extending beyond the
original domain. A prominent approach involves synchroniz-
ing multiple diffusion trajectories by mixing the estimated
scores to artificially correlate the generation processes.
However, existing methods rely on naive heuristics, such
as averaging, without considering task specificity. These
approaches do not clarify why such methods work and often
fail when a heuristic suitable for one task is blindly applied
to others. In this paper, we present a probabilistic frame-
work for analyzing why diffusion synchronization works and
reveal where heuristics should be focused—modeling cor-
relations between multiple trajectories and adapting them
to each specific task. We further identify optimal correla-
tion models per task, achieving better results than previous
approaches that apply a single heuristic across all tasks
without justification.

*Equal Contributions.
†Project Lead.

1. Introduction

Diffusion models [15, 16, 40, 48] have achieved remarkable
success in generating high-quality images [33, 36, 38], 3D
scenes [26, 43, 52], human and motion [12, 19, 20, 44, 45,
51], and videos [17, 24, 49]. Despite their success, these
models are typically trained on fixed-domain data, limiting
their ability to generate diverse data formats (e.g., varying
shapes or dimensions). This constraint reduces the flexibility
of diffusion models and narrows the range of generative
tasks they can effectively handle.

To harness the diverse generative capabilities of multi-
ple diffusion models with varying characteristics, existing
approaches [9, 11, 18, 30] use heuristics to synchronize
diffusion trajectories, ensuring consistency across the gen-
erations managed by each trajectory. For instance, Visual
Anagrams [9] generates images with optical illusions from
different perspectives, while SyncTweedies [18] explores
multiple heuristics to align generation paths, enabling the
creation of panoramic images and even 3D textures.

Although previous approaches with diverse synchroniza-
tion heuristics demonstrate promising results in collaborative



generation tasks, they do not explain why synchronization
works, relying solely on empirical evidence. This lack of
theoretical grounding limits both inter-task and intra-task
generalizability, leading to inconsistent performance across
tasks. As a result, users must experiment extensively to
find optimal synchronization strategies for each new task,
hindering the scalability of using multiple diffusion models
beyond familiar scenarios. For instance, SyncTweedies [18]
tests 60 different synchronization strategies to approximate
optimal results for given tasks. Repeating this process for
each new compositional generation task would severely limit
the practical use of multiple diffusion models—especially
without theoretical support to validate whether the results
are truly optimal.

Our paper addresses the why behind synchronization by
introducing a probabilistic framework that formulates it as
the optimization of two distinct terms. In particular, one term
models the correlation between diffusion trajectories, provid-
ing a foundation for applying human heuristics as strategic
choices. Supported by theoretical analysis, we investigate
which synchronization strategies yield the best results across
both existing and novel tasks, showing that naive applica-
tion of heuristics often leads to suboptimal outcomes. This
work is the first to analyze why synchronization works and
to leverage this understanding to guide where strategy se-
lection should be focused for future tasks. We demonstrate
scalability by applying our method to a wide range of tasks
and show that, while naive strategies frequently fall short,
our approach consistently achieves superior results. We refer
to this method as SyncSDE: Synchronization of Stochastic
Differential Equations. The main contributions of our work
are summarized as follows:
• We introduce a probabilistic framework for diffusion syn-

chronization, providing a theoretical foundation to under-
stand why synchronization works.

• Our approach reduces redundant empirical testing by iden-
tifying where heuristics should be applied, mitigating the
suboptimal outcomes of existing naive strategies.

• Extensive experiments across diverse diffusion synchro-
nization tasks demonstrate the superior performance of
our method over state-of-the-art baselines, reinforcing its
generalizability to novel tasks.

2. Related work
Recent advances in diffusion models have unlocked a wide
range of applications, powered by foundation models such
as Stable Diffusion [35], DeepFloyd [1], ControlNet [53].
Numerous studies build on these pretrained models to tackle
specific tasks, including compositional generation.
Diffusion Models. Diffusion models generate realistic im-
ages by progressively denoising Gaussian noise. DDPM [15]
and DDIM [40] implement this process via discrete sampling,
which is known to approximate stochastic differential equa-

tions (SDEs) [48], forming the theoretical basis for diffusion
models. Latent diffusion models [35] improve efficiency by
operating in latent space, with Stable Diffusion being the
most widely used. Pixel-based models like DeepFloyd [1]
are also gaining attention. Beyond image synthesis, diffu-
sion models are applied to tasks such as image-to-image
translation [3, 7, 10, 28, 29, 42], human motion genera-
tion [44, 45, 51] where models edit target details while pre-
serving source structure. For instance, Imagic [3] fine-tunes
pretrained models for this purpose.
Diffusion Synchronization. Diffusion synchronization en-
ables collaborative generation by synchronously sampling
from multiple diffusion trajectories while maintaining con-
sistency across them. It extends the capabilities of a sin-
gle diffusion model to support tasks such as generating
images of arbitrary sizes [18, 30, 47, 54], creating seam-
less textures [5, 8, 18, 27, 34, 50], producing optical illu-
sions [9, 11, 18], and synthesizing complex motions. By
leveraging the prior knowledge encoded in pretrained diffu-
sion models, these methods require no additional training,
expanding applicability across diverse domains. For exam-
ple, SyncTweedies [18] addresses a range of synchronization
tasks by empirically testing 60 strategies, ultimately adopt-
ing an averaging method based on Tweedie’s formula [41].
Other works target specific tasks: MultiDiffusion [30] fo-
cuses on wide image and mask-based T2I generation using
bootstrapping for improved localization; Visual Anagram [9]
produces ambiguous images that shift with view transforma-
tions; and SyncMVD [27] generates UV texture maps from
3D meshes and text prompts. These methods synchronize
trajectories by averaging intermediate signals—such as pre-
dicted noise or latents—but offer no theoretical justification
for why this works. In contrast, we propose a probabilistic
framework that explicitly models correlations between dif-
fusion trajectories, providing the first theoretical foundation
for diffusion synchronization.

3. Method
3.1. Preliminaries
3.1.1. Diffusion sampling
Starting from Gaussian noise pT ∼ N (0, I), the DDIM [40]
reverse process samples xT ∼ pT and then sequentially
samples xt−1 from xt using the distribution:

qσ(xt−1|xt,x0) (1)

= N (
√
αt−1x0 +

√
1− αt−1 − σ2

t ·
xt −

√
αtx0√

1− αt
, σ2

t I).

where {αt}Tt=0 is a predefined increasing sequence, and σt

controls the stochasticity of the diffusion trajectory. Since
the distribution of xt given x0 is modeled as qσ(xt | x0) =
N (

√
αtx0, (1− αt)I), the ground truth x0 can be approxi-



mated using Tweedie’s formula [41] as:

x̂0(xt, t) :=
xt −

√
1− αt · ϵθ(xt, t)√

αt
, (2)

where ϵθ(·, ·) is a noise prediction network, typically imple-
mented using a U-Net [37] or Transformer architecture [31].
Generally, we set σt = 0 which makes the deterministic
DDIM reverse process as

xt−1 =

√
αt−1

αt
xt + (1− αt)γt∇xt

log p(xt)

≈
√

αt−1

αt
xt −

√
1− αtγtϵθ(xt, t) (3)

where γt :=
√

αt−1/αt −
√

(1− αt−1)/(1− αt).

3.1.2. Stochastic differential equation
As shown in Song et al. [48], the noise perturbation in
DDPM[15] and DDIM [40] can be modeled as a stochastic
process governed by a discretized forward SDE [22]:

dx = f(x, t)dt+ g(t)dw, (4)

which has a corresponding reverse SDE that denotes the
reverse process of the diffusion model as follows:

dx = [f(x, t)− g(t)2∇x log pt(x)]dt+ g(t)dw̄. (5)

3.1.3. Notations
Before introducing our method, we define the notations used
throughout the paper. Let {Xt}Tt=0 denote the original ob-
jective we aim to generate. We define {fi}Ni=1 as a set of
mapping functions that project Xt into N different patches
{yi

t}Ni=1, where yi
t := fi(Xt). Since each yi

t has a reso-
lution compatible with the diffusion model, we apply the
diffusion process to each patches, resulting in diffusion tra-
jectories {yi

t}Tt=0 for each i.
For example, in the case of wide image generation

(Sec. 3.3.3), Xt corresponds to the wide image itself, and fi
is a cropping function that extracts patch yi

t from Xt. In con-
trast, for 3D mesh texturing (Sec. 3.3.5), Xt represents the
texture map of an input object, and fi transforms Xt into a
rendered image of the mesh from a specific viewpoint. Addi-
tionally, we define X̃i := ∪i−1

j=1{y
j
t}Tt=1 and X̃i

t := ∪i−1
j=1y

j
t .

We elaborate on how the union is defined for each task in the
following sections.

3.2. Proposed framework: SyncSDE
We propose a synchronous generation process that sequen-
tially generates the trajectories of {yi

t}Tt=0. First, we gen-
erate the trajectory {y1

t }Tt=0. Then, {y2
t }Tt=0 is generated,

conditioned on the previously generated trajectory {y1
t }Tt=0.

This process continues iteratively, where each trajectory
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Figure 2. Graphical diagram of our method. We sequentially
generate views conditioned on previous generations.

{yi
t}Tt=0 is conditioned on the previously generated trajec-

tories {y1
t }Tt=0, {y2

t }Tt=0, . . . , {yi−1
t }Tt=0. A graphical illus-

tration of the proposed generation process is shown in Fig. 2.
We model the relationship between trajectories only at the
same timestep, i.e., for all t1 ̸= t2 and i ̸= j, we assume
yi
t1 ⊥⊥ yj

t2 . Inspired by the conditional score estimation
proposed in [23], we derive the score function for the condi-
tional generation process as follows:

∇yi
t
log p(yi

t | X̃i) = ∇yi
t
log p(yi

t | X̃i
t)

= ∇yi
t
log p(yi

t) +∇yi
t
log p(X̃i

t | yi
t). (6)

The first term of Eq. 6 corresponds to the original score
function estimated by the pretrained diffusion model. The
second term captures the relationship between generations,
which we explicitly model. By substituting Eq. 6 into Eq. 3,
the reverse SDE sampling update for the ith view at timestep
t is given by:

yi
t−1 =

√
αt−1

αt
yi
t + (1− αt)γt∇yi

t
log p(yi

t | X̃i)

≈
√

αt−1

αt
yi
t −

√
1− αtγtϵθ(y

i
t, t)

+ (1− αt)γt∇yi
t
log p(X̃i

t | yi
t). (7)

Note that we focus on modeling the heuristic to estimate
∇yi

t
log p(X̃i

t | yi
t). Our approach significantly reduces the

search space for empirical testing when identifying optimal
diffusion synchronization strategies. Following the setup



in [23], we model this conditional probability term for each
task using a single tunable hyperparameter, λ.

3.3. Applications of SyncSDE

We explore a range of collaborative generation tasks to
demonstrate the applicability of SyncSDE, including mask-
based text-to-image generation, text-driven real image edit-
ing, wide image generation, ambiguous image generation,
3D mesh texturing, and long-horizon motion generation.

3.3.1. Mask-based Text-to-Image generation

For mask-based text-to-image generation, we use three
prompts: pbg for the background, pfg for the masked region,
and pimg for the overall image that semantically integrates
pbg and pfg. We generate the final image using three vari-
ables: y1

t for the background conditioned on pbg, y2
t for

the masked region using pfg, and y3
t to refine the entire im-

age based on pimg. Our goal is to generate a high-quality
image X, defined as y3

0. We first generate y1
t , then syn-

thesize y2
t —representing the foreground region—using the

conditional score function defined in Eq. 6. The conditional
distribution is defined as:

p(X̃2
t | y2

t ) ∼ N (y2
t , λ(1− αt)M

−1), (8)

where X̃2
t is equal to y1

t , M is a diagonal precision matrix
indicating the background region of the image, and λ is a
tunable hyperparameter. The diagonal elements of M are
constructed as:

Diag(M) = Reshape(B), (9)

where B ∈ RH×W is a binary mask such that B[h,w] ∈
{0, 1} indicates background (1) and foreground (0) regions.
The Reshape(·) operation flattens the matrix from RH×W

to a vector in RHW . The intuition behind Eq. 8 is that
foreground pixels require higher variance to allow object for-
mation, while background pixels should maintain lower vari-
ance to ensure consistency. Accordingly, we assign smaller
variance to the background and larger variance to the fore-
ground. We finally generate y3

t using the following condi-
tional probability:

p(X̃3
t | y3

t ) ∼ N (y3
t , λ(1− αt)M

−1)

· N (y3
t , λ(1− αt)(1−M)−1), (10)

where 1 is a diagonal precision matrix with all diagonal
elements set to 1. Note that X̃3

t is computed as:

X̃3
t = M⊙ y1

t + (1−M)⊙ y2
t , (11)

where ⊙ is the Hadamard product. We choose X = y3
0.

3.3.2. Text-driven real image editing
The text-driven real image editing task requires precise modi-
fications, as it aims to manipulate only the foreground region
while preserving the background. Given a source image xsrc,
a source prompt psrc, and a target prompt ptgt, we first invert
the source image using the forward SDE [22] to obtain the
latent sequence {xsrc

t }Tt=0. Following CSG [23], we gener-
ate a soft mask B̃ that identifies the background region of the
source image using attention maps [46] from the pretrained
diffusion model. Details of the soft mask generation process
are provided in the Appendix. We then obtain the binary
mask B as follows:

B[h,w] = χ
(
B̃[h,w] ≥ τ

)
, (12)

where χ outputs 1 if the given condition is true, and 0 oth-
erwise, and τ ∈ [0, 1] is a threshold for attention values.
Following the logic of mask-based T2I generation, we gen-
erate the target image xtgt. We first apply the binary mask
obtained from Eq. 12 to Eq. 9 to construct M. Next, we
replace each y1

t with xsrc
t , and set y3

T = xsrc
T . Finally, us-

ing ptgt, we sample {y2
t }Tt=0 and {y3

t }T−1
t=0 , and obtain the

edited image as xtgt = y3
0.

3.3.3. Wide image generation
To generate a wide image, we define the operation fi as
a cropping function that extracts the image patch yi

t from
the wide image Xt. The patches {yi

0}Ni=1 are defined to
be partially overlapped. We then design the conditional
probability term as follows:

p(X̃i
t | yi

t) ∼ N (yi
t, λ(1− αt)M

−1
i ), (13)

where
X̃i

t = (1−Mi)⊙ fi(f
−1
i−1(y

i−1
t )), (14)

and Mi is a binary mask that indicates the non-overlapping
pixels between the ith and (i−1)th patches. After generat-
ing all N patches, we apply an overlapping operation φ to
combine them into the initial reconstruction X0:

X0 = φ
(
{f−1

i (yi
0)}Ni=1

)
. (15)

The operation φ ensures that patches with larger i values are
placed on top in overlapping regions. Finally, we decode X0

using the VAE decoder [21] of LDM [36] to obtain the final
wide image X.

3.3.4. Ambiguous image generation
An ambiguous image is designed to support multiple interpre-
tations through visual transformations fi. These transforma-
tions include operations such as identity mapping, (counter)
clockwise rotation, skewing, and flipping. The specific types
of fi used in our experiments are described in Sec. 4.2.4. We
define the conditional probability as:

p(X̃i
t | yi

t) ∼ N (yi
t, λ(1− αt)1), (16)



where X̃i
t is defined as

X̃i
t = fi(f

−1
i−1(y

i−1
t )), (17)

and λ is a tunable hyperparameter.

3.3.5. 3D mesh texturing
For 3D mesh texturing, we define the variable yi as the pro-
jected image of a 3D mesh observed from the ith viewpoint.
We then design the conditional probability term as:

p(X̃i
t | yi

t) ∼ N (yi
t, λ(1− αt)M

−1
i ), (18)

where λ is a tunable hyperparameter, and X̃i
t is defined as:

X̃i
t = fi(f

−1
i−1({y

j
t}i−1

j=1))[i]. (19)

Here, Mi is a binary mask indicating the background re-
gion of the ith view, generated during the rendering process.
The function f−1

i−1 is an inverse-projection function that com-
poses a texture map from images captured at the first i−1
viewpoints, while fi is a projection function that renders the
texture map into i viewpoint-specific images. We take the
ith image from the output of fi to obtain X̃i

t.

3.3.6. Long-horizon motion generation
For long-horizon motion generation, we generate short-
duration motion segments with MDM [44] with overlapping
timestamps to smoothly form an extended, coherent motion
sequence. We define the operation fi as a query function for
extracting motion segment yi

t from the total motion sequence
Xt. These segments, {yi

0}Ni=1, are constructed to have par-
tial temporal overlaps. To achieve coherent transitions, we
define the conditional probability as:

p(X̃i
t | yi

t) ∼ N (yi
t, λ(1− αt)M

−1
i ), (20)

where
X̃i

t = (1−Mi)⊙ fi(f
−1
i−1(y

i−1
t )), (21)

and Mi is a binary mask indicating non-overlapping times-
tamps between the ith and (i− 1)th motion segments. After
generating N motion segments, we combine them using
an overlapping operation φ, ensuring smooth continuity at
overlapping timestamps, as follows:

X0 = φ({f−1
i (yi

0)}Ni=1). (22)

The operation φ prioritizes later segments (larger i) in re-
gions where timestamps overlap, ensuring temporal consis-
tency in the complete long-horizon motion sequence X.

4. Experiments
In this section, we qualitatively and quantitatively eval-
uate the performance of SyncSDE. We compare it
against SyncTweedies [18] across tasks presented in

Table 1. Quantitative results of mask-based T2I generation. We
generate images using the pretrained Stable Diffusion [36]. KID
score is scaled by 103.

Method KID [6] ↓ FID [13] ↓ CLIP-S [32] ↑

MultiDiffusion [30] 47.694 84.225 0.330
SyncTweedies [18] 117.360 149.470 0.307
SyncSDE (1/λ = 5) 43.774 82.878 0.332
SyncSDE (best) 34.859 72.118 0.331

SyncSDE (Ours)SyncTweedies

“an oil painting of falling stars and 

a rocket in space”

“a realistic photo of the mountain

with a pink cloud”

MultiDiffusion

Figure 3. Qualitative results of mask-based T2I generation.
We find that SyncSDE effectively models the correlation between
background and foreground giving comparable result with task
specific model, MultiDiffusion [30], while SyncTweedies [18] fails
and tends to generate blurry image in the masked region.

Sec. 3.3.1∼3.3.5, and against task-specific methods [7, 9,
10, 27, 28, 30, 42] for text-driven image editing in Sec. 3.3.2.
We then present results for long-horizon motion generation
(Sec. 3.3.6), highlighting the scalability of our approach.
Finally, we analyze the impact of the hyperparameter λ.

4.1. Implementation details

We implement our method based on the official codebases
of CSG* [23] and SyncTweedies† [18]. All experiments are
conducted using the DDIM [40] sampler as the numerical
solver for the reverse SDE. For fair comparison, we use the
same number of DDIM sampling steps across all methods
and tasks. We also apply classifier-free guidance [14] with
a consistent guidance scale across all baselines. For ease
of implementation, we use 1/λ in place of λ, and employ
a scheduler that linearly decreases 1/λ as the timestep t
decreases. Task-specific details are provided in the following
subsections and in the Appendix.

*https://github.com/Hleephilip/CSG
†https://github.com/KAIST-Visual-AI-Group/SyncTweedies



Table 2. Quantitative results of text-driven real image editing.
We use real images from LAION-5B dataset [39] and the pretrained
Stable Diffusion [36]. SyncSDE shows better performance com-
pared to task-specific methods [7, 10, 28, 42].

Method CLIP-S [32] ↑ LPIPS [55] ↓ BG-LPIPS [55] ↓
DDIB [42] 0.294 0.379 0.350
SDEdit [28] 0.298 0.407 0.369
PTI [10] 0.322 0.409 0.379
MasaCtrl [7] 0.285 0.290 0.341
SyncSDE (1/λ = 5) 0.311 0.281 0.266
SyncSDE (best) 0.313 0.254 0.222

Reconstruction Edit

Cat → Dog

Reconstruction Edit

Dog → Cat

Reconstruction Edit

Horse → Zebra

Reconstruction Edit

Zebra → Horse

Figure 4. Qualitative results of text-driven real image editing.
We visualize the results of various real image editing tasks using
the real images sampled from LAION-5B dataset [39]. SyncSDE
shows a good performance on text-driven image manipulation.

4.2. Results
We present quantitative and/or qualitative results of the pro-
posed method and baseline algorithms [7, 9, 10, 18, 27, 28,
30, 42] across the collaborative generation tasks discussed
in Section 3.3. For SyncSDE, we report results using two
different values of λ: one with a fixed setting of 1/λ = 5,
which performs well across tasks, and another which is tuned
for each task to achieve the best results. In all tables, we
highlight the best ( ) and second-best ( ) results in each
column using colored cells. Additional results and imple-
mentation details are provided in the Appendix.

4.2.1. Mask-based Text-to-Image generation
We compare the proposed method with SyncTweedies [18]
and MultiDiffusion [30] using the pretrained Stable Diffu-
sion [36]. Since the official implementation of SyncTweedies
does not include mask-basd T2I generation, we modified the
code to produce the results. We generate two diffusion tra-
jectories (w0,w1), representing the background and masked
region, respectively. Final output image z is computed by
using w0 as the background while averaging the masked
region with w1 as follows:

z = M⊙w0 + (1−M)⊙ (w0 +w1) (23)

where M is the background mask explained in Section 3.3.1,
⊙ is Hadamard product operator. We follow the notation of

Table 3. Quantitative results of wide image generation. We
generate wide images using the pretrained Stable Diffusion [36].
Note that KID score is scaled by 103.

Method KID [6] ↓ FID [13] ↓ CLIP-S [32] ↑

SyncTweedies [18] 51.024 78.333 0.328
SyncSDE (1/λ = 5) 17.311 44.969 0.324
SyncSDE (best) 16.872 44.707 0.324
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Figure 5. Qualitative results of wide image generation. We
visualize 2048× 512 sized wide image generated by our method
and SyncTweedies [18]. SyncSDE generates better quality of wide
images in a continuous manner compared to SyncTweedies.

SyncTweedies for variable z and w which are denoted as
canonical and instance variable respectively.

For quantitative evaluations, we use KID [6] and FID [13]
to quantify the fidelity of the generated images, with CLIP-
S [32] to measure the similarity between the generated im-
ages and the given text prompts. As shown in Table 1,
SyncSDE significantly outperforms SyncTweedies and Mul-
tiDiffusion across all three metrics. Also, SyncSDE gener-
ates plausible images that seamlessly composites foreground
with the background, as illustrated in Figure 3. In contrast,
SyncTweedies struggles with localization and synchroniza-
tion, failing to blend the object into the overall image. While
MultiDiffusion relies on an additional bootstrapping strategy
specifically for object localization, SyncSDE achieves supe-
rior performance without any extra components, highlighting
the effectiveness of our method.



Table 4. Quantitative results of ambiguous image generation.
We generate ambiguous images using the pretrained Deepfloyd [1].
Note that KID score is scaled by 103.

Method KID [6] ↓ FID [13] ↓ CLIP-S [32] ↑

Visual Anagrams [9] 195.286 215.082 0.290
SyncTweedies [18] 215.119 226.922 0.262
SyncSDE (1/λ = 5) 173.590 212.196 0.273
SyncSDE (best) 174.902 208.788 0.272

Visual Anagrams

(View 1)

SyncSDE

(Ours, View 1)

“a painting of a soldier & houseplant”

SyncSDE

(Ours, View 2)

“an oil painting of a kitchen & botanical garden”

SyncTweedies

(View 2)

SyncTweedies

(View 1)

Visual Anagrams

(View 2)

Figure 6. Qualitative results of ambiguous image genera-
tion. We visualize the ambiguous images generated by SyncSDE,
SyncTweedies [18], and Visual Anagrams [9]. The first row applies
identity and skew transformations, while the second row applies
identity and flip transformations. SyncSDE generates realistic im-
ages that blends in both prompts, while SyncTweedies fails to
integrate two prompts.

4.2.2. Text-driven real image editing
We compare our method with prior works [7, 10, 28, 42]
with the pre-training stable diffusion [36]. Since the official
implementation of PTI is unavailable, we reproduce it. For
comparisons, we sample 1,000 real images from the LAION-
5B dataset [39]. We generate the source prompt using the
pretrained image captioning model BLIP [25]. Then, the tar-
get prompt corresponding to the edited image is generated by
swapping the words of the source prompt. We evaluate each
methods with CLIP-S score [32] to measure the similarity
between the edited image and the target prompt. In addition,
we measure LPIPS [55] to quantify the perceptual similarity
between the source and the edited image. To further evalu-
ate background preservation, we calculate LPIPS using the
background region (BG-LPIPS), which is segmented using
the pretrained image segmentation model Detic [56]. As
shown in Table 2 and Figure 4, SyncSDE shows superior
performance in text-driven real image editing. Note that
‘Reconstruction’ denotes the reconstructed source image y1

0,
while ‘Edit’ means the edited image y3

0.

4.2.3. Wide image generation
We generate 2048 × 512 resolution wide image using the
pretrained Stable Diffusion [36] as backbone. Quantitative
results of wide image generation is presented in Table 3. Our
method outperforms SyncTweedies [18] in terms of KID [6],
FID [13], and CLIP-S score [32]. Additionally, Figure 5

Table 5. Quantitative results of 3D mesh texturing. We generate
textures using the pretrained ControlNet [53]. Note that KID score
is scaled by 103.

Method KID [6] ↓ FID [13] ↓ CLIP-S [32] ↑

SyncMVD [27] 196.341 189.268 0.314
SyncTweedies [18] 186.648 183.387 0.311
SyncSDE (1/λ = 5, best) 184.704 183.180 0.311

SyncMVD SyncTweedies SyncSDE (Ours)Input Mesh

“A photo of a camouflage military boot”

“A green school backpack”

SyncSDE (Ours)SyncTweediesSyncMVDInput Mesh

“A blue clutch bag”

“A green school backpack”

Figure 7. Qualitative result of 3D mesh texturing. We qual-
itatively compare the performance of the proposed method on
3D mesh texturing with SyncMVD [27] and SyncTweedies [18].
SyncSDE gives high-quality textured images corresponding to the
given text prompt.

shows that our method produces more plausible and high-
fidelity results compared to SyncTweedies. Notably, in the
wide image generated with the prompt “Vast mountain range
with snow”, SyncTweedies fails to synthesize realistic views,
highlighting the limitations of patch averaging.

4.2.4. Ambiguous image generation
We compare our method with SyncTweedies [18] and Visual
Anagrams [9]. To generate ambiguous images, we use the
pretrained DeepFloyd-IF [1]. We generate a single image
using two prompts, modeling two semantics within the im-
age by choosing f1 and f2. We fix f1 as identity mapping,
and choose f2 from 4 types of transformation explained
in Section 3.3.4; (1) ±90◦ rotation, (2) 180◦ rotation, (3)
vertical flip, and (4) skew transformation. Note that skew
transformation shifts columns of image pixels with offset.

Table 4 shows that SyncSDE outperforms all baselines
across KID [6] and FID [13] scores, and has comparable
CLIP-S score [32]. Figure 6 further illustrates that our
method generates significantly better results compared to
prior works. Especially, SyncTweedies tend to generate
blurry images that appear as simple averages of the two dif-
ferent images from each views, rather than plausibly blended
images. In some cases, the objects given in two different
text prompts become unidentifiable. We claim that this is-
sues is due to the lack of theoretical foundation behind patch
averaging. In contrast, SyncSDE generates more coherent
images, where views are seamlessly blended and properly
correlated. Additionally, we emphasize that a significant



``a person crawls forward’’

→ ``a person sits’’

``a person keeps running forward’’

→ ``a person jumps forward’’

→ ``a person karate kicks’’

Figure 8. Qualitative results of long-horizon motion generation.
Our method generates coherent long-horizon motion sequences by
synchronizing multiple output trajectories from a motion diffusion
model [44], where each trajectory produces a short motion segment.

benefit of our method is its ability to produce high-quality
results compared to Visual Anagrams, despite Visual Ana-
grams being specifically designed only for ambiguous image
generation.

4.2.5. 3D mesh texturing
We compare the proposed method with SyncTweedies [18]
and SyncMVD [27]. Note that we utilize the pretrained
depth-conditioned ControlNet [53] as backbone architecture.
We synchronize ten different diffusion processes, to gener-
ate a texture for a given 3D mesh. Eight of the processes
correspond to views with azimuth values evenly spaced by
45◦ within the range [0◦, 360◦), and two auxiliary trajecto-
ries encoding views with azimuth 0◦ and 180◦, both at an
elevation of 30◦. Each diffusion process is modeled with
ControlNet [53] conditioned on depth information extracted
from input mesh. The results are then compared based on
the projected images of the generated texture map.

Table 5 shows that SyncSDE (1/λ = 5, best) outper-
forms prior works in terms of KID [6] and FID [13], and
has comparable values of CLIP-S score [36]. As shown in
Figure 7, our method qualitatively surpasses the performance
of SyncTweedies and SyncMVD, while SyncTweedies tend
to blur the details of the texture.

4.2.6. Long-horizon motion generation
We demonstrate the broad applicability of SyncSDE through
long-horizon motion generation, as shown in Fig. 8. Specifi-
cally, we use the motion diffusion model [44], where each
trajectory generates a short human motion sequence of 120
frames. To compose a continuous motion, we set 1/λ = 3
and apply a 0.25 overlap ratio across timesteps (i.e., 30
frames overlap). SyncSDE successfully synchronizes the
motion segments, producing a coherent long-horizon se-
quence with smooth transitions between segments.

4.3. Effects of λ
We analyze the effect of the hyperparameter λ by generating
ambiguous images using different values of λ. Theoreti-
cally, λ controls the degree of collaboration between mul-

1/𝜆 = 0 1/𝜆 = 1 1/𝜆 = 2 1/𝜆 = 3 1/𝜆 = 4 1/𝜆 = 5 1/𝜆 = 6 1/𝜆 = 7

Large 𝜆 Small 𝜆

“An oil painting of a horse”

“An oil painting of a snowy mountain village”

Figure 9. Effects of λ. We show the balance of collaboration
between two prompts. When λ is large, the effect of 2nd prompt
dominates, while the effect of 1st prompt becomes significant for
smaller λ value.

tiple diffusion trajectories. In the probabilistic formulation
of p(X̃i

t | yi
t) in Eq. 16, a smaller value of λ reduces the

variance of the N th trajectory relative to the 1st ∼ (N−1)th

trajectories, thereby preserving semantic features encoded
in 1st ∼ (N − 1)th trajectories. In contrast, larger λ values
increase variance, allowing the N th trajectory to deviate
more and depend less on earlier trajectories.

This theoretical analysis is visually supported by Figure
9. When 1/λ = 0 (i.e., λ = ∞), the 2nd trajectory becomes
independent of the 1st, generating an image that only aligns
with the 2nd prompt. Mathematically, this eliminates the
conditional probability term in Eq. 16, resulting in a failure
of integrating both prompts, which is consistent with our
theoretical explanation. As 1/λ increases (i.e., λ decreases),
trajectory correlation strengthens, generating a well-blended
image incorporating both prompts. If 1/λ further increases,
the balance between two trajectories collapses, causing the
1st prompt to dominate. This effect is clearly visualized
with 1/λ = 6 and 1/λ = 7, where the features of the horse
dominate the features of the mountain village.

5. Conclusion

We propose a probabilistic framework for diffusion synchro-
nization, providing a theoretical analysis of why it works.
By designing conditional probabilities between diffusion
trajectories, we establish synchronization across multiple
trajectories. Based on the proposed method, we focus on
efficient heuristic modeling by identifying which probability
term to model, significantly reducing the empirical testing
to find optimal solutions. We evaluate our method on var-
ious collaborative generation tasks, comparing its perfor-
mance with prior works. Experimental results demonstrate
that our method is widely applicable and consistently out-
performs baseline algorithms. We hope this work inspires
future research on more robust and principled models of
inter-trajectory correlations to further advance diffusion syn-
chronization.
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A. Task-specific experimental details
In this section, we provide the experimental details of each
diffusion synchronization task.

A.1. Mask-based Text-to-Image generation
We use the pretrained Stable Diffusion v2 checkpoint [36]
for image generation, resulting in 512×512 resolution image.
Using 10 prompts, we generate 250 images per prompt with
a fixed background mask for each. KID [6] and FID [13]
we use 2,000 images per prompt using the same pretrained
model. We use 50 steps for DDIM [40] sampling.

A.2. Text-driven real image editing
Firstly, we explain the details of soft mask generation. Note
that we follow CSG [23] to generate the soft mask B̃ which
indicates the background region of the source image. Follow-
ing paragraph summarizes the procedure introduced in [23].

We extract the self-attention and cross-attention map of
the source image using the pretrained Stable Diffusion [36],
each denoted as Mself ∈ RH×W×H×W and Mcross ∈
RN×H×W , where N denotes the number of word tokens
defined in the pretrained Stable Diffusion model. Then we
generate the background mask B̃ as follows:

B̃ = 1−Mfg, (24)

where each element of Mfg ∈ RH×W is defined as

Mfg[h,w] = tr(Mself [h,w]M
⊤
cross[u]). (25)

Note that u denotes the index of the word token corresponds
to the object that we want to manipulate.

We use the pretrained Stable Diffusion v1-4 model for
experiments, generate images in 512× 512 resolution. Also,
we use four image editing tasks for evaluation: cat → dog,
dog → cat, horse → zebra, and zebra → horse. For each task,
we sample 250 real images from the LAION-5B dataset [39].
To find the most relevant images for the source word (e.g.
‘cat’ in cat-to-dog task) within the dataset, we leverage CLIP
retrieval [4]. The source prompt is generated using the pre-
trained BLIP model [25], while the target prompt is made by
replacing the source word with the target word. For instance,
in the ‘horse → zebra’ task, we swap the word ‘horse’ in
the source prompt with ‘zebra’ to generate the target prompt.
We use DDIM [40] sampling with 50 steps.

A.3. Wide image generation
We use the pretrained Stable Diffusion v2 checkpoint [36] for
wide image generation. With four different text prompts, we
generate 250 images per prompt at a resolution of 2048×512.
To measure KID [6], FID [13], and CLIP-S score [32], we
randomly crop the generated wide images to a resolution
of 512 × 512. We generate 2,000 images per prompt to
construct the reference image set using the same pretrained
model. We use 50 steps for DDIM [40] sampling.

A.4. Ambiguous image generation
We use the pretrained DeepFloyd v1.0 checkpoint [1] for
experiments, synthesizing images at 256 × 256 resolution.
The DeepFloyd-IF model employs a two-stage sampling pro-
cess for image generation. Note that we apply the proposed
synchronization startegy only to the 1st stage, while the 2nd

stage’s sampling is performed without synchronization. We
use 5 prompt pairs, where each pair consists of two prompts
describing the semantics to be modeled in resulting ambigu-
ous image. For each prompt pair, we set f1 as identity map-
ping and choose f2 from one of 4 visual transforms: ±90◦

rotation, 180◦ rotation, vertical flip, and skew transforma-
tion. We then generate 250 images per prompt pair. In case
of reference images for measuring KID [6] and FID [13], we
generate 2,000 images per prompt in each prompt pair with
the same pretrained model. Total 50 timesteps are used for
DDIM [40] sampling.

A.5. 3D mesh texturing
We use the pretrained depth-conditioned ControlNet v1-
1 [53] for mesh texturing. Using 6 meshes and a single
prompt for each mesh, we generate 100 textures per mesh.
Each generated texture is projected onto a fixed single view,
resulting in a 768× 768 resolution RGB image. To generate
reference images, we use the same pretrained model and sam-
ple 2,000 images per prompt using the equivalent mesh map
as depth condition. In addition, following SyncMVD [27]
and SyncTweedies [18], we use the self-attention modifica-
tion technique proposed in [27] along with Voronoi Diagram-
guided filling [2]. We use 30 steps for DDIM [40] sampling.
Like SyncTweedies, we do not use diffusion synchronization
during the last 20% of the sampling steps.

Table 6. Comparison of computational overhead between
SyncSDE and SyncTweedies [18].

Method Time (s/image) GPU memory (GB)

SyncTweedies [18] 7.721 2.44
SyncSDE (Ours) 5.664 2.78

B. Computational overhead
We analyze the computational overhead in terms of both time
and GPU memory required to generate a single image. The
measured computational overhead of the proposed method
and SyncTweedies [18] is reported in Table 6. We use a
single NVIDIA RTX 3090 GPU for measurement. Notably,
SyncSDE exhibits a comparable computational overhead to
SyncTweedies.

C. Additional qualitative results
We visualize additional qualitative results of SyncSDE in Fig-
ure 10, 11, 12, 13, and 14. As shown in the figures, SyncSDE



“a painting of a beach with 
a big boat”

“a realistic photo of the mountain 
with a pink cloud”

“a high resolution photo of the  sky 
with a big balloon”

“an oil painting of falling stars 
and a rocket in space”

Figure 10. Additional qualitative results of mask-based T2I generation. SyncSDE shows strong performance on mask-based T2I
generation task. We use the pretrained Stable Diffusion [36] for image generation.
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Figure 11. Additional qualitative results of text-driven real image editing. We edit the real images sampled from the LAION-5B
dataset [39] by leveraging SyncSDE combined with the pretrained Stable Diffusion [36]. We also visualize the foreground region defined by
the generated mask.

shows outstanding performance in multiple image genera-
tion tasks, including mask-based T2I generation, text-driven
real image editing, wide image generation, ambiguous image
generation, and 3D mesh texturing. The experimental results
demonstrate that the proposed method successfully models
the correlation between multiple diffusion trajectories, thus
smoothly blending the generated patches.

D. Limitations and social impacts
Since our method uses a pretrained text-to-image diffusion
model [1, 36, 53], the proposed method may result in sub-
optimal outcomes depending on the pretrained backbone
model. For instance, due to the limitations of the pretrained
diffusion model, it may struggle to synthesize images with
complex structures or multiple fine details. Furthermore, the
proposed method may generate harmful images due to the
shortcomings of the pretrained diffusion model.



“Natural landscape in anime style illustration.” “A photo of a forest with a misty fog.”

“Vast mountain range with snow” “Cartoon panorama of spring summer beautiful nature.”
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Figure 12. Additional qualitative results of wide image generation. We visualize wide images generated by SyncSDE using the pretrained
Stable Diffusion [36] for image generation.

“a lithograph of a 
table & waterfall” 

“an oil painting of a horse & 
snowy mountain village”

“an oil painting of a horse & 
snowy mountain village”

“a lithograph of a 
table & waterfall” 

“a painting of a deer & truck” 

“an oil painting of a 
soldier & houseplant”

[identity / 90° rotation] [identity / 90° rotation] [identity / 180° rotation]

[identity / 90° rotation] [identity / 90° rotation] [identity / skew]

Figure 13. Additional qualitative results of ambiguous image generation. Using the pretrained Deepfloyd-IF model [1], we generate
ambiguous image with various prompt pairs and visual transformations. SyncSDE generates high-quality ambiguous images.
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Figure 14. Additional qualitative results of 3D mesh texturing. We use the pretrained depth-conditioned ControlNet [53] for mesh
texturing. Given an input mesh and the text prompt, SyncSDE generates remarkable texture images.
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