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Abstract

Generative priors of large-scale text-to-image diffusion models enable a wide range
of new generation and editing applications on diverse visual modalities. However,
when adapting these priors to complex visual modalities, often represented as
multiple images (e.g., video or 3D scene), achieving consistency across a set of
images is challenging. In this paper, we address this challenge with a novel method,
Collaborative Score Distillation (CSD). CSD is based on the Stein Variational
Gradient Descent (SVGD). Specifically, we propose to consider multiple samples
as “particles” in the SVGD update and combine their score functions to distill
generative priors over a set of images synchronously. Thus, CSD facilitates the
seamless integration of information across 2D images, leading to a consistent visual
synthesis across multiple samples. We show the effectiveness of CSD in a variety
of editing tasks, encompassing the visual editing of panorama images, videos, and
3D scenes. Our results underline the competency of CSD as a versatile method
for enhancing inter-sample consistency, thereby broadening the applicability of
text-to-image diffusion models.’

1 Introduction

Text-to-image diffusion models [1, 2, 3, 4] have been scaled up by using billions of image-text
pairs [5, 6] and efficient architectures [7, 8, 9, 4], showing impressive capability in synthesizing
high-quality, realistic, and diverse images with the text given as an input. Furthermore, they have
branched into various applications, such as image-to-image translation [10, 11, 12, 13, 14, 15, 16],
controllable generation [17], or personalization [18, 19]. One of the latest applications in this regard
is to translate the capability into other complex modalities, viz., beyond 2D images [20, 21] without
modifying diffusion models using modality-specific training data. This paper focuses on the problem
of adapting the knowledge of pre-trained text-to-image diffusion models to more complex high-
dimensional visual manipulation tasks beyond 2D images without modifying diffusion models using
modality-specific training data.

We start from an intuition that many complex visual data, e.g., videos and 3D scenes, are represented
as a set of images constrained by modality-specific consistency. For example, a video is a set of frames
requiring temporal consistency, and a 3D scene is a set of multi-view frames with view consistency.
Unfortunately, image diffusion models do not have a built-in capability to ensure consistency between
a set of images for synthesis or editing because their generative sampling process does not take
into account the consistency when using the image diffusion model as is. As such, when applying
image diffusion models to manipulate these complex data without consistency in consideration, it
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Figure 1:Method overview. CSD-Edit enables various visual-to-visual translations with two novel
components. First, a new score distillation scheme using Stein variational gradient descent, which
considers inter-sample relationships (Section 3.1) to synthesize a set of images while preserving
modality-speci ¢ consistency constraints. Second, our method edits images with minimal information
given from text instruction by subtracting image-conditional noise estimate instead of random noise
during score distillation (Section 3.2). By doing so, CSD-Edit is used for text-guided manipulation of
various visual domains, e.g., panorama images, videos, and 3D scenes (Section 3.3).

results in a highly incoherent output, as in Figure 2 (Patch-wise Crop), where one can easily identify
where images are being stitched. Such behaviors are also reported in video editing, thus, recent
works [22, 23, 24, 25] propose to handle video-speci ¢ temporal consistency when using the image
diffusion model.

Here, we take attention to an alternative approach, Score Distillation Sampling (Si)Sylich
enables the optimization of arbitrary differentiable operators by leveraging the rich generative prior
of text-to-image diffusion models. SDS poses generative sampling as an optimization problem by
distilling the learned diffusion density scores. While Poole efal] has shown the effectiveness

of SDS in generating 3D objects from the text by resorting on Neural Radience Fié]|gwiprs

which inherently suppose coherent geometry in 3D space through density modeling, it has not been
studied for consistent visual manipulation of other modalities, where modality-speci ¢ consistency
constraints should be considered when manipulating.

In this paper, we propogeollaborative Score DistillatiofCSD), a simple yet effective method that
extends the singular of the text-to-image diffusion model for consistent visual manipulation. The
crux of our method is two-fold: rst, we establish a generalization of SDS by using Stein variational
gradient descent (SVGD), where multiple samples share their knowledge distilled from diffusion
models to accomplish inter-sample consistency. Second, we present CSD-Edit, an effective method
for consistent visual editing by leveraging CSD with Instruct-Pix2Ri#,[a recently proposed
instruction-guided image diffusion model (See Figure 1).

We demonstrate the versatility of our method in various editing applications such as panorama image
editing, video editing, and reconstructed 3D scene editing. In editing a panorama image, we show
that CSD-Edit obtains spatially consistent image editing by optimizing multiple patches of an image.
Also, compared to other methods, our approach achieves a better trade-off between source-target
image consistency and instruction delity. In video editing experiments, CSD-Edit obtains temporal
consistency by taking multiple frames into optimization, resulting in temporal frame-consistent
video editing. Furthermore, we apply CSD-Edit to 3D scene editing and generation, by encouraging
consistent manipulation and synthesis among multiple views.

2 Preliminaries

2.1 Diffusion models

Generative modeling with diffusion models consists of a forward progekat gradually adds
Gaussian noise to the inpxig  pqgata (X), @and a reverse procepsvhich gradually denoises from



Figure 2:Panorama image editing (Top right) Instruct-Pix2Pix14] on cropped patches results in
inconsistent image edits. (Second row) Instruct-Pix2Pix on overlapping patches edits to a consistent
image, but less delity to the instruction, even with high guidance stalgThird row) CSD-Edit
provides consistent image editing with better instruction- delity by setting a proper guidance scale.

the Gaussian noiser N (0;1). Formally, the forward procesgXx:jxo) at timesteg is given by
a(xtjxo) = N (X¢; tXo; Zl),where yand 2=1 2 are pre-de ned constants designed for
effective modeling$, 28, 29]. Given enough timesteps, reverse progeaso becomes a Gaussian
and the transitions are given by posteriprith optimal MSE denoiserd(], i.e.,p (Xt 1jXt) =

N (Xt 1;X¢ R (Xg;t); 21), where® (x¢;t) is a learned optimal MSE denoiser. Ho et[al.
proposed to train an U-Net [31] autoencode(x;;t) by minimizing following objective:

Lot ( :X)= Ecu i N (o) WHK  (Xest) K55 X¢ = Xo+ (1)

wherew(t) is a weighting function for each timestépText-to-image diffusion models |2, 4, 3]

are trained by Eq(1) with  (x;;y;t) that estimates the noise conditioned on the text prompt
y. To effectively guide the text-conditional generation, Ho et aP] [proposed classi er-free
guidance (CFG), where they jointly train the unconditional and conditional model and interpolate the
unconditional and conditional model during the inferenex, the noise estimate is given by

oy = (et +ly eyt (xet) 2
where! ,  Ois a guidance scale that controls the sample delity. Speci cally, increlaisj,ngﬁhances
sample delity at the expense of sample diversity. Throughout the paper, wepréfed;y;t) a
conditional distribution of a text.

Instruction-based image editing by Instruct-Pix2Pix. Recently, many works have demonstrated
the capability of diffusion models in editing or stylizing imagé$,[13, 11, 12, 14]. Among them,
Brooks et al[14] proposed Instruct-Pix2Pix, where they netuned Stable Diffusignmrjodel with

the source image, text instruction, (edited) target image (edited by Prompt-to-Prcijptiplets to

enable instruction-based editing of an image. Then during the inference, Instruct-Pix2Pix starts from
a source image and conducts diffusion sampling by the diffusion model that takes instyudtion

speci ¢, given the source imageand instructiory, the noise estimate at tintés given by
ey e+ s (xext) (xt)
+hy  (Xaxyt) (xe;%1)

®3)

where! ,  0is the CFG parameter for text instruction as in E).and! s 0 is an additional
CFG parameter that controls the delity to the source image

2.2 Score distillation sampling

Poole et al[26] proposed Score Distillation Sampling (SDS), an alternative sample generation
method by distilling the rich knowledge of text-to-image diffusion models. SDS allows optimization
of any differentiable image generator, e.g., Neural Radiance Fields [27] or the image space itself.



Figure 3:Video editing. Qualitative results on the lucia video in DAVIS 20133[. CSD shows
frame-wise consistent editing providing coherent content across video frames e.g., consistent color
and background without changes in person. Compared to Gefi;la[video editing method trained

on a large video dataset, CSD-Edit shows high-quality video editing results re ecting given prompts.

Formally, letx = g( ) be an image rendered by a differentiable genemteith parameter , then
SDS minimizes density distillation los84] which is a variational inference via minimizing KL
divergence between the posterioxof g( ) and the text-conditional densipy :

min L pistil x=09() =E =D gxijx=09() kp (x;y;t) 4)

wherex; = (x+  withx = g( ) and N (0;1). They derive SDS by differentiating
Eqg. 4 with respect to generator parametgbut omitting the U-Net Jacboian term due to its poor
performance and computationally inef cient. The SDS gradient update is given as follows:

fleos x=0() TE W) (v g (5)

In its implementation, we randomly sample timestep from uniformly distributed intefgaln; tmad-
The range of timestefs,n andtmaxare chosen to sample from not too small or large noise levels,
and the guidance scales are chosen to be larger than those used for image generation.

2.3 Stein variational gradient descent

The original motivation of Stein variational gradient descent (SVGI3) i to solve a variational
inference problem, where the goal is to approximate a target distribution from a simpler distribution
by minimizing KL divergence. Formally, suppoges a target distribution with a known score
functionr 4 log p(x) that we aim to approximate, amgix) is a known source distribution. Liu and
Wang [35] showed that the steepest descent of KL divergence betyaesdp is given as follows:

Equ) f(X)71 x logp(x) + Tr(r xf(x)) , (6)

wheref : RP I RP is any smooth vector function that satis B1,,.;  p(x)f(x) = 0. Remark
that Eq.(6) becomes zero if we replacgx) with p(x) in the expectation term, which is known as
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