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Figure 1. Applications of coupled diffusion sampling. Our approach enables lifting off- the- shelf 2D diffusion editing models into multi-
view by combining the sampling process of 2D models with multi- view generation models to produce consistent edits. Here we showcase
example view- consistent results using three 2D editing models: spatial editing, stylization, and text- based relighting.

Abstract

Given a collection of multi- view images, we perform consis-
tent multi- view editing with a training- free framework using
pre- trained 2D editing models and a generative multi- view
model. While 2D editing models can independently edit
each image in a set of multi- view images of a 3D scene,
they do not maintain consistency across views. Existing ap-
proaches typically rely on explicit 3D representations to av-
erage out inconsistencies, but they suffer from lengthy opti-
mization, instability under sparse views, and blurry results.
We address the problem from a different lens, using the 2D
editing model to guide a multi- view generative model dur-
ing diffusion sampling. This is achieved through our novel
coupled diffusion sampling process. We concurrently sam-
ple two trajectories from both a multi- view image distribu-
tion and a 2D edited image distribution, and connect the
samples with a coupling term. Effectively, the two models
guide each other during sampling, and the resulting sample
from the multi- view model remains consistent while satisfy-
ing the desired edit. We validate the effectiveness and gen-
erality of this framework on three distinct multi- view image
editing tasks, and demonstrate its applicability across var-
ious model architectures. We further illustrate the effects
of coupling on SoTA image and video generation models,
highlighting the potential of our method beyond multi- view
editing.

1. Introduction

Diffusion- based image editing models have demonstrated
unprecedented realism across diverse tasks via end- to- end
training. Simply by curating paired editing datasets, we
can perform relighting [20, 34, 61], spatial structure edit-
ing [2, 39, 49, 55], and stylization [60]. However, collecting
and curating 3D data is significantly more challenging than
2D data. As a result, recent research has explored test- time
optimization methods for multi- view editing that leverage
pre- trained 2D image diffusion models [16, 41].

When editing a collection of photos of a 3D scene with
a 2D model, we encounter the issue where each image is
edited inconsistently, as shown in Fig. 2. To resolve those
inconsistencies, most existing methods [16, 20] rely on ex-
plicit 3D representations, i.e., NeRF [37] or 3D Gaussian
Splatting [22]. The advantage of using explicit representa-
tions is to avoid the need to train new 3D editing models.
However, these methods typically require time- consuming
optimization and dense coverage of the input view, lim-
iting their applicability to real- time, real- world scenarios.
Furthermore, the lack of a data- driven prior can lead to in-
consistencies that result in blurring or variants of the Janus
problem.

We follow a different approach. Instead of using 2D
models to supervise and train an explicit 3D representation,
we use 2D models to guide implicit 3D generative mod-
els. Recent multi- view diffusion models [14, 63] were pro-
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Figure 2. Limitations of baselines. Using image- to- multiview
model conditioned on a single edited image cannot be faithful
to the remaining input views, while editing each image individ-
ually with a 2D model produces inconsistent results. While prior
work [31] proposes a method to compose diffusion models, their
approach produces inconsistent and flickering results.

posed to perform novel view synthesis and generation using
a data- driven prior. However, when naively attempting to
edit a scene by editing a single image and synthesizing the
remaining views, the outputs would lose the identity of the
input, as shown in Fig. 2, because this process is under-
constrained and many solutions exist. We address this by
steering the multi- view model using the 2D editing model to
sample a valid edit that is faithful to the input, and consistent
across views. We call our novel diffusion sampling process
coupled diffusion sampling. As shown in Fig. 1, our ap-
proach enables multi- view consistent image editing across
diverse applications, including multi- view spatial editing,
stylization, and relighting.

While prior work [13, 31] explored combining diffusion
models within a modality, we observe that such approaches
do not maintain multi- view consistency and can stray from
the editing objective as shown in Fig. 2. Our approach
is motivated by the observation that any sequence of im-
ages generated by a pre- trained multi- view image diffusion
model inherently exhibits multi- view consistency. To this
end, we embrace an implicit 3D regularization paradigm by
leveraging scores estimated from multi- view diffusion mod-
els during the diffusion sampling process. Specifically, for
any multi- view image editing task leveraging a pre- trained
2D model, we couple it with a foundation multi- view dif-
fusion model and perform sampling under dual guidance
from both models. This process ensures that the resulting
samples satisfy both the editing objective and multi- view
3D consistency, yet without any additional explicit 3D reg-
ularization or training overhead.

We propose a practical sampling framework to achieve
the above- mentioned goal by steering the standard diffusion
sampling trajectory with an energy term coupling two sam-
pling trajectories. This method ensures that each sample
from a given diffusion model remains within its own distri-
bution while being guided by the others. In particular, sam-

ples from the multi- view diffusion model maintain multi-
view consistency while being steered by the content edits
from the 2D model. Conversely, the 2D model is steered
so that its edits remain faithful to the identity of the inputs
while being consistent across independently edited frames.

Our solution is conceptually simple, broadly applicable,
and adaptable to a variety of settings. We showcase its ef-
fectiveness across three distinct multi- view image editing
tasks: multi- view spatial editing, stylization, and relighting.
Through comprehensive experiments across each task, we
demonstrate the advantages of our method over the state of
the art. We further validate the generalizability of our ap-
proach to diverse backbones and latent spaces, and illustrate
its effects on image and video generation, underscoring its
promise as a general multi- view image editing engine with
potential extensions to broader generative tasks.

2. Related work

Test-time diffusion guidance. Test- time scaling meth-
ods [24, 28, 33], such as rejection sampling or verifier- based
search. In contrast, optimization- based guidance actively
steers diffusion trajectories, offering a more efficient alter-
native. The diffusion sampling process can be steered with
a classifier guidance [12], a differentiable objective func-
tion [4, 15], or by enforcing additional assumptions in the
forward process, e.g., as in linear inverse restoration prob-
lems [11, 21, 51]. In cases where the edit can be charac-
terized by a “prompt” edit, the model can be used to guide
itself to edit the input [8, 25, 38]. In our method, we use
diffusion models that capture complementary distributions
to inform one another. Unlike prior work, this allows us to
capture complex edits beyond what can be formulated by
a differentiable function and to achieve multi- view editing
without paired data.

3D and multiview editing. As diffusion models capable
of producing high- quality 2D image edits [7, 8, 25, 38,
40, 45, 58], a natural question has been how to leverage
those capabilities for 3D editing. One common approach
is to optimize an explicit 3D representation, like NeRF, ei-
ther by modifying the training dataset during the optimiza-
tion loop [16, 54] or through score distillation sampling
[35, 41, 46, 52, 57]. However, both approaches are prone to
visual artifacts, which is fundamentally caused by the fact
that 2D diffusion models lack 3D consistency awareness.
To address this fundamental challenge, prior work has di-
rectly trained multi- view diffusion models [1, 6, 27, 30, 48]
for consistent editing. However, training a multi- view dif-
fusion model for each individual editing task is computa-
tionally expensive, and suitable training datasets are scarce.
In our approach, we propose reusing existing multi- view
generation models [14, 56, 63] for multi- view editing by
combining them with a 2D editing model, thereby incurring



no additional training cost. In contrast to NeRF-based ap-
proaches, our method does not require a costly optimization
process, as it relies solely on feed-forward sampling.

Compositional diffusion sampling. Compositional sam-
pling methods for diffusion models have been proposed to
combine the priors of multiple models. Examples include
product-of-experts sampling [17, 62], which samples from
the product distribution of individual models. However,
this approach imposes a strict requirement that valid sam-
ples lie in the intersection of the supports of the models
and fails when no such joint support exists. MultiDiffu-
sion [5] and SyncTweedies [23] apply score composition
for out-of-distribution scenarios like stitching panoramas or
large images. On the other hand, our work emphasizes re-
maining within each model’s prior distribution while steer-
ing generation toward satisfying cross-model constraints.
Prior works [13, 31] address inference-time composition for
diffusion models, but these works focus on the same data
modality. In contrast, our work bridges 2D and 3D modali-
ties to tackle the practical challenge of 3D data sparsity.

3. Method
3.1. Background
Diffusion Models. Let x0 ∼ pdata(x0) be a data sample
and consider the forward noising process:

q(xt | xt−1) = N (xt |
√
1− σtxt−1, σtI), (1)

with a variance schedule {σt}Tt=1. [19] proposes to train a
neural network ϵθ(xt, t), where θ denotes network param-
eters, such that when starting with an initial noise xT ∼
N (0, I), it allows one to gradually denoise the sample to
x0 ∼ pdata(x0) via

x̂0 =
1√
ᾱt

(xt −
√
1− ᾱtϵθ(xt)) (2)

xt−1 =
√
ᾱt−1x̂0 +

√
1− ᾱt−1ϵθ(xt) + σtz, (3)

where αt = 1 − σt, ᾱt :=
∏t

s=1 αs. The next-step pre-
diction xt−1 is obtained by computing the clean image es-
timate x̂0 and re-injecting a decreasing amount of random
noise z ∼ N (0, I).

3.2. Coupled DDPM Sampling
Problem. Given two diffusion models ϵθA and ϵθB for a
shared data domain Rd and with a shared DDPM sched-
ule, our goal is to obtain two samples xA, xB ∈ Rd such
that they follow the data distribution prescribed by the pre-
trained models pAdata(x) and pBdata(x), respectively, while
staying close to each other. This objective can be interpreted
as tilting the distribution pAdata(x) to be close to a sample
xB(x) ∼ pBdata(x), and vice versa. We introduce a coupling

Algorithm 1 Coupled DDPM Sampling
1: θ2D : Text2Image diffusion model
2: θMV : Text2MultiView diffusion model
3: xT,2D, xT,MV ∼ N (0, I): initial latents
4: xT,2D, xT,MV shapes: N ×H ×W × C where N is # of views
5: for t ∈ T, ..., 0 do

x0 prediction:
6: x̂0,MV ← 1√

ᾱt
(xt,MV −

√
1− ᾱtϵθ,MV (xt,MV ))

7: x̂0,2D ← 1√
ᾱt

(xt,2D −
√
1− ᾱtϵθ,2D(xt,2D))

DDPM step:
8: x̂t−1,MV ←

√
ᾱt−1,MV x̂MV,0 +

√
1− ᾱt−1ϵθ(xt,MV ) + σtz

9: x̂t−1,2D ←
√
ᾱt−1,MV x̂MV,0 +

√
1− ᾱt−1ϵθ(xt,2D) + σtz

Coupled guidance step:
10: xt−1,2D ← x̂t−1,2D −

√
1− ᾱt−1λ(x̂0,2D − x̂0,MV )

11: xt−1,MV ← x̂t−1,MV −
√

1− ᾱt−1λ(x̂0,MV − x̂0,2D)
12: end for

function U : Rd × Rd → R that measures the closeness of
two samples. A natural choice is the Euclidean Distance,
and in this work, we use U(x, x′) = −λ

2 ∥x − x′∥22 with a
constant coefficient λ ∈ R. Formally, our objective is writ-
ten as

max
xA,xB

J A(xA, xB) + J B(xA, xB), where (4)

J A(x;x′) := pAdata(x) expU(x, sg(x′)), (5)

J B(x;x′) := pBdata(x) expU(sg(x), x′), (6)

where sg denotes stop grad. Taking the gradients:

∇xJ i(x, x′) = ∇x log p
i(x) +∇xU(x, x′), (7)

for i ∈ {A,B}. Here, the additional term ∇xU(x, x′)
biases the sample trajectory {xi

t}t from the standard dif-
fusion trajectory following pi(x) to satisfy the goal. Tilt-
ing diffusion model sampling towards inference-time re-
ward functions or constraints has been widely studied for
preference alignment [53] and inverse problems [10, 11],
with gradient likelihood of a form similar to Eq. (7), al-
though typically under a fixed target. In contrast, in this
work, the optimization target depends on another variable.
The coefficient λ is a hyperparameter dictating the coupled
guidance strength. A value of zero corresponds to standard
DDPM sampling, and increasing it strengthens the coupling
between the two models. Similar to prior guidance-based
methods [4, 12, 18], applying too strong a guidance can
cause the sampling process to collapse and produce out-of-
distribution results.

Algorithm. Let xA
t , x

B
t ∈ Rd be two data samples to

couple, and denote x̂A
t−1, x̂

B
t−1 to be the denoised output in

DDPM using Eq. (3). We compute the coupled samples by:

xA
t−1 = x̂A

t−1 +
√

1− ᾱt−1∇x̂A
0
U(x̂A

0 , x̂
B
0 ) (8)

xB
t−1 = x̂B

t−1 +
√

1− ᾱt−1∇x̂B
0
U(x̂B

0 , x̂
A
0 ). (9)

Notice that by fixing x̂B
0 ,

expU(x̂
A
0 , x̂

B
0 ) ∝ exp−

1

2

∥x̂A
0 − x̂B

0 ∥
2
2

1/λ
= N (x̂

B
0 , 1/

√
λI) (10)
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Figure 3. Overview of the proposed coupled sampling method. Given two target statistical distributions modeled with diffusion models:
(a) standard DDPM sampling generates two instances independently, using scores from each distribution, which leads to samples without
spatial alignment; (b) in contrast, the proposed coupled DDPM sampling introduces coupling terms ∇U that pull the two sample paths
together, producing spatially and semantically aligned outputs; and (c) as illustrated, the 2D samples get increasingly consistent with
coupling, and the coupled multi- view samples (which we set to be our final output) are faithful to the input views.

we find the interpretation that expU(x̂A
0 , x̂

B
0 ) assigns low

energy to x̂A
0 close to x̂B

0 in during the sampling process,
and similarly for xB

t . This term effectively serves as a soft
regularization that encourages two samples to stay close.
The gradient term ∇xU(x, x′) = −λ(x − x′) is easy to
compute with minimal computation overhead. The sam-
pling algorithm is summarized in Algorithm 1. Our choice
of scaling the guidance by

√
1− ᾱt−1 is to limit the KL

divergence between the training and inference distribution
across timesteps. More details can be found in the appendix.

Coupled sampling for multi-view editing. Given a col-
lection of N posed multi- view images {Ik, Pk}Nk=1, we
condition the 2D editing model on each image indepen-
dently Ik. On the other hand, we condition the multi- view
model on a single edited image I1,edited and on the poses of
the remaining views {Pk}Nk=2 to synthesize as novel views.
We perform the coupling between the 2D latent conditioned
on image Ik, and the multi- view latent associated with its
corresponding pose Pk. In Fig. 3, we illustrate our sampling
process and show how the samples of each model change
with coupling. We set the coupled multi- view sample as
our final output, since we want it to lie within the multi-
view distribution.

4. Experiments
To demonstrate the versatility of our method, we select tasks
that highlight various editing aspects. 1) Spatial editing: We
use Magic Fixup [2] to highlight the ability of making geo-
metric changes in a scene. 2) Stylization: We perform styl-
ization using Control- Net [60] with edge control, demon-
strating how we can alter the general appearance of the in-
put while preserving its overall shape. 3) Relighting: We

perform relighting using Neural- Gaffer [20], which takes an
explicit environment map as input. For each of these tasks,
we begin with a collection of input images and additional
task- specific conditioning. The 2D model edits each image
individually, but cannot enforce consistency across multiple
images. In contrast, the multi- view model [63] is a novel
view synthesis model that takes a set of consistent images
and generates novel views. Our pipeline is first edits a sin-
gle image using the 2D model and then uses it as a reference
for the multi- view model. Then, to enforce faithfulness to
the remaining input views, we couple the two models, en-
abling the multi- view model to maintain the input identity
while ensuring consistency across views. We perform the
coupling in the latent space, and both the 2D models and
the multi- view model in this section operate in the latent
space of Stable Diffusion 2.1[44].

Baseline selection. For each task, we adopt Liu et
al. [31] and Du et al. [13] as general- purpose baselines,
as they allow composing two diffusion models, and can
be directly compared against our framework. We further
adopt strong task- specific baselines tailored to each sce-
nario. We also compare against baselines of using the 2D
editing model per image and of editing a single image, fol-
lowed by image- to- MV generation.

User study. To provide a comprehensive evaluation, we
conduct user studies using Prolific with 25 participants for
each task, comparing our approach to all baselines using
best- of- n preference questions. In each task, we conduct 9
comparisons with different scenes and edits.

4.1. Multi-view spatial editing
Spatial editing is challenging because it requires accurately
harmonizing the scene, including object interactions and
changes in shadows and reflections resulting from edits. No



Figure 4. Multi-view stylization. We show three examples of multi-view stylization of our method against the baselines. Prior work on
combining diffusion models [13, 31] suffer from inconsistencies across frames. When provided with a GT mesh, SDS based methods [43]
suffer from severe artifacts while Hunyuan 3D’s results follow the prompt loosely when doing retexturing.
Table 1. Quantitative comparison on spatial editing. We evaluate
against GT renders of the target, and use MEt3r for consistency.

Per-image metrics MV metric

Method PSNR ↑ SSIM ↑ LPIPS ↓ MEt3r ↓ Users ↑
Per-image [2] 16.5 0.550 0.253 0.353 -
Image-to-MV [63] 12.84 0.400 0.556 0.417 -

Liu et al. [31] 16.5 0.530 0.354 0.368 9%
Du et al. [13] 16.7 0.548 0.411 0.344 1%
SDEdit [36] 15.4 0.458 0.468 0.393 11%
Coupled Sampling (Ours) 17.0 0.550 0.421 0.335 80%

large-scale datasets are available for training spatial editing
models. As a result, previous work on 2D spatial editing
has relied on large-scale video datasets [2, 9, 55] to learn
natural object motion. However, such data sources do not
exist for multi-view datasets, as 4D datasets are extremely
scarce and typically created only for evaluation. Our cou-
pled sampling paradigm addresses this gap.

We use Magic Fixup [2] for the 2D editing model. This

Table 2. Quantitative comparison on stylization. We evaluate the
temporal and subject consistency, and MEt3r score for geometric
consistency. CLIP score is computed against the edit prompt. The
best metrics across methods equivalent to ours are bolded.

Per-img metric MV metrics

Method CLIP ↑ Temporal ↑ Subject. ↑ MEt3r ↓ Users ↑ Mesh-free

Per-image [60] 30.0 0.922 0.740 0.546 - ✓
Image-to-MV [63] 29.5 0.927 0.787 0.382 - ✓

TEXTure [43] 28.4 0.967 0.748 0.426 14% X
Hunyuan3D [47] 29.9 0.952 0.754 0.391 8% X

Liu et al. [31] 30.1 0.934 0.759 0.461 19% ✓
Du et al. [13] 30.2 0.926 0.762 0.461 12% ✓
Coupled Sampling (Ours) 29.68 0.946 0.807 0.392 47% ✓

model takes the original image and a coarse edit that spec-
ifies the desired spatial changes. For multi-view editing, it
is necessary to apply the edit consistently across all views.
In our experiments, we unproject the target object in each
image using a depth map. We then apply a 3D transfor-
mation to the object and reproject it into the image. As a
baseline, we follow the proposed baseline in Magic Fixup,



Figure 5. Qualitative comparison on multi-view spatial editing. The baselines struggle in preserving the identity of the input, and
produce flickering artifacts across edited frames, while our results achieve both editing targets and multi- view consistency.

using SDEdit [36], which allows coarse edit inputs. Fig-
ure 5 presents three different coarse edits, with two frames
from each edit shown to illustrate consistency. In the first
example, we find that our method correctly translates and
rotates the car while preserving the identity of the input. By
contrast, the baselines struggle to maintain the back view
of the scene. In the final edit, our method produces smooth
shadows that match the ground truth, whereas the baseline
results in highly irregular shadows.

To quantitatively evaluate performance, we construct
three synthetic scenes with a total of 10 spatial edits and ren-
der the ground- truth 3D transformations in Blender. Note
that while many baselines exist for per- image spatial editing
[9, 40, 45], we use Magic Fixup as the per- image baseline
since it is the base model we use for coupling. We use stan-

dard reconstruction metrics, and MEt3r [3], which measures
the 3D consistency of multi- view outputs. Table 1 demon-
strates that our method achieves higher PSNR and SSIM
scores, along with superior multi- view consistency.

4.2. Multi-view Stylization

Stylization is a common application of diffusion models:
an input sequence provides the desired spatial structure,
and a text prompt specifies the style. Control- Net [60] en-
ables this type of stylization by incorporating geometry-
related conditioning, such as the Canny edges of an im-
age. A closely related task is 3D re- texturing, in which
a 3D mesh is given, and a new texture is generated us-
ing a generative model. To assess our method, we ren-
dered ten different objects and applied stylization to each



Figure 6. Qualitative comparison on environment map based relighting. Other methods tend to produce flickering artifacts (notice the
change in color in the first two rows for [13, 31]), and using NeRF makes the lighting changes to be baked into the view dependent effects.
Our method achieves the best overall result.

using user- defined prompts. While many stylization base-
lines exist [27, 42, 46, 64], we select two strong baselines
that operate directly on ground truth 3D mesh, such as TEX-
Ture [43], which synthesizes new textures using SDS [41],
and Hunyuan3D [47], which employs a SoTA feed- forward
multi- view model to generate textures. We omit Instruct-
NeRF2NeRF as it fails on our inputs. Note that both base-
lines access the GT mesh, a highly privileged input that our
method does not have access to. In Fig. 4, we present re-
sults from three representative examples. In the first exam-
ple, score- averaging methods have difficulty preserving the
identity of the edited subject, leading to color changes or
changes in identity across frames. In contrast, TEXTure ex-
hibits severe artifacts due to its SDS- based approach. Hun-
yuan3D produces very simple edits that often do not align
with the text prompt. Prior work on composing diffusion
models [13, 31] relies on the average scores of the two mod-
els, which pushes the samples off the multi- view manifold
and causes flickering. On the other hand, our approach
relies on softly steering the multi- view model to remain
within the distribution and produce consistent results.

Although the quantitative evaluation of stylization re-
mains challenging, we assess temporal and subject consis-
tency in our generated videos using VBench [59] and mea-
sure geometric consistency with MEt3r [3], as shown in Ta-
ble 2. Our results show that our method achieves superior
temporal and subject consistency compared to previous ap-
proaches for combining diffusion models. For reference, we
also report results from mesh- based methods on rendered
videos, which are inherently temporally consistent due to
the underlying mesh representation.

4.3. Multi-view Relighting
When the variance of the 2D diffusion results is low, mean-
ing the sampling distribution is narrow, radiance fields can
effectively regularize inconsistencies. However, this re-

Table 3. Quantitative comparison on relighting. We evaluate
against GT relighting results in terms of per- image metrics, and
evaluate multi- view consistency with MEt3r.

Per- image metrics MV metric

Method PSNR ↑ SSIM ↑ LPIPS ↓ MEt3r ↓ Users ↑
Per- image [20] 22.7 0.862 0.159 0.243 -
Image- to- MV [63] 19.3 0.815 0.193 0.229 -

Liu et al. [31] 23.2 0.871 0.152 0.220 10%
Du et al. [13] 22.1 0.863 0.158 0.217 19%
GT NeRF + Neural Gaffer [20] 22.4 0.865 0.162 0.217 25%
Coupled Sampling (Ours) 23.2 0.868 0.157 0.217 46%

quires obtaining a consistent geometry beforehand. As
an alternative, we demonstrate that a multi- view diffu-
sion model can regularize inconsistencies in 2D relighting
through coupled sampling. Figure 6 presents two relighting
examples to illustrate this. We observe that prior methods
for combining diffusion models [13, 31] can introduce flick-
ering artifacts, as evidenced by abrupt color changes in the
top two rows. In contrast, NeRF- based approaches (which
we provide with privileged GT NeRF) may incorrectly at-
tribute lighting variance to view- dependent effects, as illus-
trated in the bottom two rows of the backpack example. To
quantitatively compare these methods, we use the 3D ob-
jects from Neural- Gaffer [20] and add both a diffuse and a
glossy object, resulting in a total of 7 objects with 5 relight-
ings each, for 35 comparisons in total. We compute per-
image reconstruction metrics and geometric consistency us-
ing MEt3r, as shown in Table 3. Although these metrics
do not capture subtle lighting flicker, our method achieves
competitive results in both reconstruction and consistency.
Importantly, we also report metrics for relighting each im-
age individually, which serves as a coarse upper bound, and
observe no degradation in performance.

5. Analysis Experiments
In this section, we demonstrate the effects of coupled sam-
pling beyond multi- view models, and analyze the effects
of varying the coupling strength. In the appendix, we in-



Figure 7. Image space coupling. Using Flux, we perform coupled sampling on different prompts. We show that the coupled samples are
spatially aligned while being faithful to the prompt.

Figure 8. Video space coupling. Using Wan [50], we perform coupled sampling on videos conditioned on different prompts, and show
that the coupled samples are highly aligned in each frame while being faithful to the prompt. Refer to the project webpage for full videos.

Figure 9. Guidance strength analysis. As the guidance strength
increases, the reconstruction improves but the consistency drops.

clude experiments on additional backbone variations, and
coupling across different latent spaces.

Coupling Text-to-image and video flow models. To
illustrate the effects of coupled sampling beyond multi-
view models, we implement our method using the text- to-
image model Flux [26]. Although Flux is a flow- based
model [29, 32], we show that our coupling approach re-
mains effective. We test coupled sampling by generating
two samples from the same model, each conditioned on a
different prompt. As shown in Fig. 7, without coupling, the
outputs are typically very distinct. With the coupled sam-
pling, the outputs become spatially aligned while still re-
flecting their respective prompts. We further illustrate the
effects of coupling with the video model Wan2.1 [50] in

Fig. 8 and show the close alignment of coupled samples.

Guidance strength analysis. In Fig. 9 we quantitatively
evaluate the effects of guidance strength λ on spatial edit-
ing performance. When λ is very small, the model out-
put resembles image- to- MV sampling, resulting in low re-
construction performance, and as we increase λ, the recon-
struction improves. However, when making the coupling
strength too large, consistency across frames degrades and
the performance eventually collapses. We highlight that
there is a regime for the guidance strength, where both the
reconstruction and consistency produce optimal results, em-
phasizing the value of coupled sampling.

6. Discussion and Conclusion
We introduce a simple and effective approach for coupling
diffusion models, enabling 2D diffusion models to gener-
ate consistent multi- view edits when used with multi- view
diffusion models. Our method is efficient, versatile, and
achieves high- quality results. By guiding the diffusion sam-
pling process, our approach produces outputs that retain the
strengths of the underlying models, while also naturally in-
heriting their limitations.

We believe this coupling strategy has potential applica-
tions beyond multi- view editing. In the future, our paradigm
could extend the capabilities of image- editing models to
video editing by integrating with video diffusion models,
without incurring additional computational overhead.
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