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A. Expanded theoretical analysis
A.1. Marginal distributions and coupling
Consider distributions A,B on the same sample space X with density functions pA, pB . We are interested in the effects of
applying the coupling term U(xA, xB) in coupled DDPM sampling. For clarity in this section, we will separate the coupling
strength λ from U which we will use to denote the potential function to minimize. Note that when modeling a distribution
with a diffusion model, we predict the score s(x) = ∇x log p(x), so when we add the coupling term, the log-density for the
joint density becomes

log pAB(xA, xB) = log pA(xA) + log pB(xB)− λU(xA, xB) + C, (1)

for a constant C. By exponentiating, we find

pAB(xA, xB) ∝ exp(log pA(xA) + log pB(xB)− λU(xA, xB)) (2)

= pA(xA)pB(xB) exp(−λU(xA, xB)). (3)

To obtain the marginal pAλ for distribution A after coupling, we can integrate over xB , and get

pAλ (x
A) =

pA(xA)

Z

∫
pB(xB) exp(−λU(xA, xB))dxB , (4)

for a normalization constant Z. For our choice of U as the euclidean distance, we have U = 1
2∥x

A−xB∥2. So we can define
a Gaussian kernel kλ(xB − xA) ∝ exp(λ2 ∥x

A − xB∥2), and then rewrite the density as

pAλ (x
A) = pA(xA)(pB ∗ kλ)(xA) · 1

Z
. (5)

Remark: The formula shows that the marginal for A is exactly the original pA but reweighted pointwise with a kernel-smooth
density estimate of pB , and the smoothing scale is 1

λ . Intuitively, as λ → 0, we recover the original marginal since the kernel
smoothing becomes very broad and effectively constant. On the other hand, as λ → ∞, where we have a very strong
coupling, the variance of the kernel approaches zero. In that case, we model the product distribution pAB

λ (x) ∝ pA(x)pB(x).
Note that this indicates that prior work that attempts to model the joint distribution [4, 12] reduces to a special case of our
framework for infinity large λ.

A.2. KL divergence and training distribution
To ensure that the diffusion model produces valid samples within the distribution, we need to ensure that we minimize
the deviation from the training distribution. While analyzing the generalization of diffusion models within and outside the
training data remains an active area of research [17], we can set an upper bound for the KL divergence between the typical
DDPM step and our coupled DDPM step. This is possible because the intermediate noisy latents can be modeled as a “clean
sample” corrupted by noise with known variance. The distribution of an intermediate noisy latent xt is

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱtI)). (6)

1



Note that during sampling, we do not have access to x0 and only the estimated x̂0. Given the current prediction, we sample
from a gaussian distribution computed based on the estimated mean. When the shift δ induces a change in the mean of the
noisy-latent distribution, the KL divergence between the original and new distributions can be computed as

KL(N (µ, σ2I)∥N (µ+ δ, σ2I)) =
1

2
δT

1

1− ᾱt
Iδ (7)

=
∥δ∥2

2(1− ᾱt)
. (8)

In our setup, δ is the coupling term which consists of the difference between the estimated clean latents scaled by the noise
variance λ(

√
1− ᾱt)∇xtU . Note that the KL divergence is proportional to the inverse of the noise variance, and by scaling

the coupling strength by the noise variance, we cancel out the dependence of the KL divergence on the denoising timestep.
This also aligns with the established intuition that over time, the generated images become more defined and the uncertainty
decreases, so the sample steering should decrease accordingly. Continuing the analysis, by setting an upper bound of 2 for
each entry in δ, and setting M to be the number of elements, we find that the KL divergence is bounded as

KL(xt∥xt + δ) =
∥δ∥2

2(1− ᾱt)
(9)

=
∥λ(

√
1− ᾱt)∇xt

U∥2

2(1− ᾱt)
(10)

=
∥λ∇xt

U∥2

2
(11)

≤ ∥2λM∥2

2
(12)

= 2λ2M2, (13)

so a possible interpretation of the coupling strength λ is adjusting the upper bound on the KL divergence between the
inference distribution and sampling distribution. In Fig. 2 we show that decaying coupling guidance is superior to maintaining
a constant guidance strength across all denoising steps, which causes a degradation in performance and blurry results.

B. Visualization of the 2D and MV Coupling
Our pipeline consists of two steps: First, we run the 2D model on a single image to produce an edited reference. Second, we
use the edited reference to condition SVC to perform image-to-MV, and couple it with samples from the 2D model to ensure
faithfulness to the identity of the input images. In Fig. 1 we visualize the process.
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Figure 1. Illustration of the coupling between 2D stylization and multi-view generation. First, we start by editing a reference view to
use as a condition for SVC. Second, we perform coupled DDPM sampling using the two models, and set x0,MV as our final output.

C. Additional discussion of limitations
While the proposed method offers a simple and efficient framework for multi-view consistent image editing, there are inherent
limitations. Our method is a form of diffusion sampling guidance, so naturally the results quality and consistency depends
on the base model used.. For example, when applying guidance to a multi-view model [8, 16, 24], if the model consistency
is imperfect without guidance, it would remain imperfect with guidance. This can be observed with multi-view output as
samples that show flicker in the background or object for example. Furthermore, the number of frames used depends on the



number of frames supported by the base model (e.g. 4 frames for MVDream [16], 6 frames for MV-Adapter [8], 21 frames
for Stable Virtual Camera [24], and 81 frames for videos with Wan [19]).
Furthermore, similar to prior test-time guidance methods [2, 5, 7], the best results are produced using the highest possible
guidance before the results collapse. The tolerated guidance values depend on both models used, so for each dataset, a
different guidance values might be needed. However, since our method is training-free, cheap, and fast, it is easy to test
varying numbers of hyperparameters to select from.
In section K, we show the effects of coupling in pixel-space of models with different latent spaces. However, in most of our
experiments, we focus on settings where the 2D editing and multi-view models share the same latent space. The focus of our
work is to show how we can enable Multi-view editing without the need for expensive and scarce paired 3D editing data. We
show that simply a strong generative multi-view model, can be used in combination with a 2D model to perform the edit. It
is always possible to train models with new latent spaces with the existing data. On the other hand, collecting new 3D paired
data is a distinct significant challenge. That being said, we believe that our work paves the path to more general frameworks
that operate in significantly distinct latent spaces, potentially by using lightweight latents alignment modules.

D. Implementation details
As our primary multi-view generation base model, we use Stable-Virtual-Camera (SVC) which is trained to process 21 frames
at once, and use one or several consistent images for novel view synthesis. As we would like to edit a collection of views, we
do not have access to more than one consistent edited photos, since we can only edit one image at a time with the 2D editing
model. In our experiments, we edit a reference image, and then use it as the conditioning view. Note that this conditioning
view has great influence on the outcome, as it dictates the distribution of acceptable 3D scenes that SVC would synthesize.
We transform stable-virtual-camera into DDPM by converting the EDM based sampler into a DDPM scheduled by computing
converting the noise levels into the appropriate alphas. Afterwards, since SVC was trained with a shifted noise schedule
compared to SD2.1 image models, we re-align SVC’s schedule with the 2D model’s schedule for the coupled sampling to be
effective.
We conduct our experiments using NVIDIA A6000 GPUs. As our approach only requires a feed forward pass, the memory
requirement is equivalent to the combined memory of the two models used. A better memory utilization can be further
achieved by loading and off-loading the models from the GPU, as we can run them sequentially and then compute the
coupling term. We use 50 denoising steps for spatial editing and stylization, and 100 denoising steps with Neural Gaffer
relighting. The runtime of the sampling process is 130 seconds using our GPU resources for generating the full 21 frames
sequence. Note that in contrast, prior test-time guidance methods [2, 5] require large number of re-noising steps to ensure
quality, making the runtime as high as an hour for a single frame.
In the experiments with Neural-Gaffer, one challenge is that Neural-Gaffer is trained on 256x256 images. On the other hand,
SVC was trained on 576x576 images. We found that SVC performs very poorly on images of that size, and neural-gaffer
does not generalize to 512x512 images or larger. After experimenting with the models, we found that at resolution size of
384x384, both models perform reasonably well and adopt that for the neural-gaffer experiments.

E. Evaluation protocol
We evaluate our method across different tasks: spatial editing, relighting, and stylization. For spatial editing, we construct
scenes using assets from both Sktechfab (with Creative Commons license) as well as the official Blender webpage. We
construct and render the scenes using Blender. For each spatial edit, we render the source sequence, as well as ground truth
sequence after applying the edit for quantitative evaluation. To construct the ”coarse edit” that we feed to the 2D model
[1], we use the depth maps associated with each image to unproject the image, apply the spatial transformation in 3D, and
reproject the edit. Since we have multi-view inputs, the depth maps can be computed easily. To ensure accuracy for the
pruproses of quantiative evaluations, we use GT depth maps rendered in Blender. In total, we create 9 spatial edits using 3
scenes. For stylization, we use 10 distinct objects sourced from Sketchfab, choosing objects with varying complexity. We
use Blender to render a rotating trajectory around each object. Our trajectories demonstrate effectively demonstrate whether
the coupled sampling can recover the identity of the input, as we ensure that there are unseen regions that are not observed
in the conditioning input to the multi-view model. Since it is not possible to evaluate stylization around ground truth results,
we utilize VBench [21] to evaluate the temporal and subject consistency, as well as the user study. For environment-map
conditioned relighting, we use the objects sourced from Neural-Gaffer [9] for 3D relighting evaluation, and include two
additional objects (an object with specular materials, and a diffuse object), and evaluate each object on 5 distinct target
lightings. In total, we evaluate on 35 scenes.



Figure 2. Comparing guidance schedule. Here we show how decaying the guidance strength by the noise variance is effective, compared
to using a constant coupling strength which causes blurry results. Here we use a text-to-image model, and perform coupling between two
samples with distinct prompt. The result is also aligned with the intuition that over denoising time steps, the sample becomes more defined
and perturbing the sample would cause a decay in performance.

We conduct the user study using the online platform Prolific. For each task, we include 9 questions in a best-of-n comparisons,
where we show the user the input and all the methods, and ask the user to select the best output. We instruct the user to
emphasize consistency, as well as faithfulness to the desired edit, depending on the task. In settings where we have Ground
Truth sequence, we include the Ground Truth to the user as a reference. Each question is answered by 25 users.

F. Implementation details of baselines
Here we cover the details for implementing the baselines across our editing tasks. In our setup, the mutli-view diffusion
model used [24] requires a conditioning image as an input, so we start by using the 2D editing model to sample an edited
frame to use it as a condition. When using the baselines that rely on composing diffusion models [4, 12], we ensure that the
multi-view model is conditioned on the exact same edited image for fairness and to clearly highlight the distinction between
our method and the baselines. We implement Liu et al. [12] by composing the scores of the two diffusion models by linearly
combining the scores for each step, and having the two models jointly denoise a shared sample. We implement Du et al.
[4], by composing scores similarly to Liu et al. [12], with combination of 3 Langevin MCMC steps (which uses additional
compute compared to our method). The purpose of the Langevin MCMC steps is to increase robustness for the samples to
remain within distribution. In our case, we still show that the prior approaches suffer from inconsistencies compared to our
coupled sampling approach. We also include the outputs of Stable Virtual Camera [24] on Image-to-MV generation when
using the same conditioning edit used with the above baselines, and we include the per-image 2D editing (using the 2D model
chosen for coupling for the specific task).
For stylization, we further use TEXTure [15] and Hunyuan3D [18]. For both of those baselines, we use the GT mesh
associated with the object we are interested in stylizing. TEXTure relies on SDS for stylization, while Hunyuan3D uses a
specialized multi-view generation model to synthesize consistent texture. For completion, in the supplementary webpage we
also include additional image-to-3D baselines: Trellis [20] which generates a 3D asset conditioned on an image, and Tailor3D
[14] which relies on editing the front and back of an object, then using the edited images to generate a 3D asset. Both of
these approaches generate consistent 3D results (as they generate a 3D asset), but suffer in the faithfulness to the input image.
Furthermore, since Tailor3D [14] edits two images independently, the conditioning edits used may not be consistent with
each other.
For spatial editing, we rely on SDEdit [13] for using the coarse edit as a starting point as well as a conditioned edited image,
and generate the multi-view sequence. To improve the baseline performance, we also insure that we condition on frames with
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Figure 3. Text based relighting. We combine IC-Light [23], which enables text-based relighting with stable virtual camera to obtain
multi-view results.

consistent inpainted regions (since the coarse edit may contain holes), to reduce the flickering when using SDEdit.
For environment map conditioned relighting, we include the NeRF based 3D relighting implemented in Neural-Gaffer [9]. We
train a NeRF with densely rendered datasets of the object to obtain a high quality NeRF (note that our method does not access
the densely rendered input), and then we incorporate Neural-Gaffer in the NeRF editing loop using their implementation.
This is a strong baseline as it has access to ground truth radiance field. Note that a significant drawback is the need of NeRF
optimization and editing, which can take between 30 minutes and an hour (in contrast, our method is feedforward, taking
130 seconds).
Below, we show the runtime of our method and baselines. Our performance is orders of magnitude faster than optimization-
based methods.

Method Ours Liu et al. [30] Du et al. [12] TEXTure Hunyuan3D GT NeRF + NG Instruct-N2N

Runtime (s) 38 38 84 107 29 1110 4500+

G. Text conditioned relighting
To show more drastic relighting outputs, we use IC-Light [23] for 2D relighting in combination with Stable Virtual Camera
[24]. IC-Light operates by relighting the object and adding a suitable background conditioned on a text prompt. In Fig. 3 we
show diverse multi-view relighting results using our method. Please refer to the supplementary webpage for additional video
results.

H. Coupled Diffusion Sampling with Flow Models
In our experiments with coupling different prompts for text-to-image generation in Fig. 7 of the main paper is, we used Flux
[10]. Note that Flux [10] is a flow model, so we need to adapt it to perform our coupled sampling. To sample from Flux
using our proposed sampling method, first we transform the velocity vθ(xt) to the score function sθ(xt), as it can be linearly
transformed into score functions via sθ(xt) = −−tvθ(xt)+xt

1−t . Then transform the inference schedule to be DDPM via time
reparameterization [11] by computing the appropriate alpha values that match the noise levels associated with each time step.
We follow the same approach for coupling the video model Wan2.1 [19], since it is also a flow-based model.

H.1. Effects of Guidance Strength
As an additional illustration, in Fig. 4 we show how the samples change as we increase the coupling strength, while using the
same initial random noise and randomness seed.
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Figure 4. Effects of coupling strength. We illustrate the effects of coupling strength on the spatial alignment between samples as we vary
the coupling strength while keeping the initial noise and random seed.
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Figure 5. Sampler comparison. When using a stochastic sampler, the coupling can lead to natural guidance pulling the outputs towards
each other. On the other hand, a deterministic sampler would simply output the average of both samples, as ODE based sampling does
cannot recover from noisy guidance.
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Figure 6. Coupling in different multi-view models. We implement coupling on T2I and T2MV models with two different backbones.
We couple SD2.1 with MVDream [16], and SDXL with MVAdapter [8], which operates in SDXL latent space. In both cases, the coupled
multiview samples show an increase in realism and a decrease in “objaverse” appearance.

I. Effects of stochasticity
One observation one would make is that our coupling term resembles linearly combining the intermediate samples of the two
models, so one may wonder why we do not simply get images that are a linear average of the two outputs. Indeed, when we
use a deterministic sampler, like Euler Discrete Sampler that’s commonly used, this is the outcome that we encounter as we
show in Fig. 5. However, when using a stochastic sampler like DDPM where noise is injected at every timestep, the model
needs to correct for the added noise. When we include our coupling term in the stochastic step, the model can naturally
correct or reject parts of the guidance that steers it away from its training distribution. This is also the reason we make our
coupling term to be correlated with the noise level, by scaling it with

√
1− αt, since at step t, the model has the ability to

correct for noise at that level, but steering the sample by a larger magnitude risks pulling the intermediate latents outside of
the training distribution. Additionally, as intuitively understood about diffusion sampling, at the later time steps the structure
of the outputs is already determined, so shifting the intermediate latents in a large direction can disrupt the sampling process.

J. Coupling Text-to-Image and Text-to-MV models
In the main paper, we presented multi-view editing results using Stable Virtual Camera [24]. Here, we further examine
the impact of coupling on text-to-multi-view models, specifically MVDream [16], which extends Stable Diffusion 1.5 to
produce four consistent views, and MV-Adapter [8], which leverages the more advanced SDXL backbone and operates in the
SDXL latent space. For coupling, we use SD1.5 and SDXL as the respective text-to-image models. As shown in Figure 6,
text-to-multi-view models often generate objects with a CGI-like appearance, likely due to their training on datasets such
as Objaverse [3]. Introducing our coupling approach encourages the multi-view samples to better resemble real images, as
modeled by the 2D diffusion models.
In Fig. 7 and Fig. 8, we highlight additional results from coupling text-to-multi-view models along with text-to-image models.

K. Pixel space coupling
In all previous experiments, we perform coupling in the latent space, as both models operated in the same latent space. When
models operate in distinct latent spaces, the alternative is to decode the intermediate latent of each model to pixel space. Once
we are in the shared pixel space, we can compute the coupling function, and use autograd to backpropagate the gradients



Figure 7. Additional MVDream T2MV coupling results. Here we show additional results on the output of Text-to-Multiview MVDream
when coupled with Text-to-Image SD2.1.



Figure 8. Additional MV-Adapter T2MV coupling results. Here we show additional results on the output of Text-to-Multiview MV-
Adapter when coupled with Text-to-Image SDXL.

through each model’s decoder. In particular,

∇xAU(DecA(x̂A
0 ),DecB(x̂B

0 )) (14)

∇xBU(DecB(x̂B
0 ),DecA(x̂A

0 )), (15)



and then we can apply the coupling term to each latent.
In this experiment, we use Text-to-Image SD2.1, and use MVAdapter that is based on SDXL, so that the two models operate
in distinct latent spaces. In Fig. 9 we show the results of coupling in pixel space.

L. Applications with MV-Adapter
One of the limitations of MV-Adapter is that it can only generate fixed set of camera views, making its utility for editing
limited. Nonetheless, we show that we can still use it by editing the outputs it produces by performing coupling with single-
image editing models. In Fig. 10, we show an example of using MV-Adapter for stylization, and relighting.

M. Outputs of InstructNeRF2NeRF
When running InstructNeRF2NeRF on our input sequences used for stylization with the same number of frames as our
method and other baselines (21 frames), we find that the radiance field completely collapses. This is likely due to NeRF’s
inability to gradually handle inconsistency with less dense camera coverage.



Figure 9. Coupling in pixel space. To show the effects of coupling when the two models operate in different latent spaces, we combine a
Text-to-Image model (SD2.1 latent space), and Text-to-Multiview (SDXL latent space), and perform coupling in pixel space and backprop-
agating the gradients to the latents. Here we show the coupled multi-view samples that we get with our method, showing that our method
can generalize to coupling models with different latent spaces.



Figure 10. Multiview editing with MV-Adapter. Here we show editing results with MV-Adapter to achieve stylization by combining it
with Control-Net [22] and relighting using IC-Light [23].

Sample input frame

+


Prompt: “make it a golden lamborghini”
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Figure 11. InstructNeRF2NeRF outputs. When running InstructNeRF2NeRF [6] on our input views, we find that the editing training
loop with InstructPix2Pix completely collapses.
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