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A white horse running in the field → Watercolor of a white horse running in the field 

(a) Source (b) P2P (c) MasaCtrl (d) P2P-Zero (e) PnP 

A cat sitting on a wooden chair → A dog sitting on a wooden chair

Blue lavender in a blue and white vase → Purple lavender in a blue and white vase

Structure Distance↓ 27.41          w/ours 20.30 26%↓ 32.10           w/ours 31.75 1%↓ 35.84          w/ours 21.53 40%↓ 43.68           w/ours 25.93 41%↓

Background PSNR↑ 25.77          w/ours 29.90 16%↑ 21.96           w/ours 23.63 8%↑ 21.08          w/ours 23.40 11%↑ 21.81           w/ours 24.85 14%↑

Background PSNR↑ 21.76          w/ours 28.84 33%↑ 21.32           w/ours 21.60 1%↑ 23.71          w/ours 27.21 15%↑ 18.00            w/ours 18.19 1%↑

Figure 1: Performance enhancement of incorporating PnP Inversion into four diffusion-based
editing methods across various editing categories (from top to bottom): style transfer, object re-
placement, and color change. The editing prompt is displayed at the top of each row, which in-
cludes (a) the source image, the editing results of (b) Prompt-to-Prompt (P2P) (Hertz et al., 2023),
(c) MasaCtrl (Cao et al., 2023), (d) pix2pix-zero (Parmar et al., 2023), and (e) plug-and-play (Tu-
manyan et al., 2023). Each set of results is presented: the first column w/o PnP Inversion (Null-text
inversion for P2P, DDIM Inversion for the others), and the second column w/ PnP Inversion. In-
corporating PnP Inversion into diffusion-based editing methods results in improved image structure
preservation (enhancement of the structure distance metric) for full image editing and enhanced
background preservation (increased PSNR metric values in the background, i.e., areas that should
remain unedited) for foreground editing. The improvements are mostly tangible, and we circle some
of the subtle discrepancies w/o PnP Inversion in red. Best viewed with zoom in.

ABSTRACT
Text-guided diffusion models have revolutionized image generation and editing,
offering exceptional realism and diversity. Specifically, in the context of diffusion-
based editing, where a source image is edited according to a target prompt, the
process commences by acquiring a noisy latent vector corresponding to the source
image via the diffusion model. This vector is subsequently fed into separate source
and target diffusion branches for editing. The accuracy of this inversion process
significantly impacts the final editing outcome, influencing both essential content
preservation of the source image and edit fidelity according to the target prompt.
Prior inversion techniques aimed at finding a unified solution in both the source
and target diffusion branches. However, our theoretical and empirical analyses
reveal that disentangling these branches leads to a distinct separation of respon-
sibilities for preserving essential content and ensuring edit fidelity. Building on
this insight, we introduce “PnP Inversion,” a novel technique achieving opti-
mal performance of both branches with just three lines of code. To assess im-
age editing performance, we present PIE-Bench, an editing benchmark with 700
images showcasing diverse scenes and editing types, accompanied by versatile
annotations and comprehensive evaluation metrics. Compared to state-of-the-art
optimization-based inversion techniques, our solution not only yields superior per-
formance across 8 editing methods but also achieves nearly an order of speed-up.

∗This work was done when Xuan Ju was intern at IDEA.
†Corresponding author.
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1 INTRODUCTION

Figure 2:Comparisons among different inversion methods in diffusion-based editing.We as-
sume a 2-step diffusion process for illustration. Due to nonexistent of idealzI

2 , common practice uses

DDIM Inversion (Song et al., 2020) to approximatezI
t , resulting inzI p

t with perturbation. Diffusion-

based editing methods start from the perturbed noisy latentzI p
2 and perform DDIM sampling in a

source and atarget diffusion branch, further resulting in the distance shown on the �gure. Null-Text
Inversion and StyleDiffusion optimize a speci�c latent used in both source and target branches to
reduce this distance. Negative-Prompt Inversion assigns the guidance scale to1 to decrease the dis-
tance. In contrast,PnP Inversiondisentangles source and target branches in editing. By leaving the
target diffusion branch untouched,PnP Inversionretains the edit �delity. By directly returning the
source branch tozsrc

0 , PnP Inversionachieves the best possible essential content preservation. We
use numbers to mark operation step order, where solid circles are steps added byPnP Inversion.

Text-guided diffusion models (Rombach et al., 2022; Ramesh et al., 2022) have become the main-
stream image generation technique, praised for their realism and diversity. As the noise latent space
of diffusion models (Meng et al., 2022; Kawar et al., 2023; Hertz et al., 2023; Balaji et al., 2022;
Liu et al., 2023a) possesses the capacity to retain and modify images, we can perform prompt-based
editing with diffusion models, where a source image is edited according to a target prompt. The
common practice is to maintain two diffusion branches: one for the source image and the other for
the target image. By carefully exchanging information between the two branches, we can preserve
the essential content in the source image while achieving edit �delity according to the target prompt.
However, such manipulations are only straightforward when the diffusion latent space (noisy latent
in each diffusion step) corresponding to the source image is available. When editing images without
known latent space, we have to invert the diffusion model to obtain their latent vectors �rst.

While DDIM inversion is effective for unconditional diffusion (Song et al., 2020; Dhariwal &
Nichol, 2021), much of the research (Hertz et al., 2023; Han et al., 2023) has centered on invert-
ing the diffusion process with conditional inputs. This is driven by the signi�cance of conditions
in applications like text-based image editing. However, introducing conditions undermines DDIM
inversion quality, as evidenced in Figure 2. With the advent of Null-Text Inversion (Mokady et al.,
2023), a prevailing consensus (Dong et al., 2023; Li et al., 2023b) has emerged: achieving su-
perior inversion1 necessitates rigorous optimization. Methods that forgo such optimization, such
as Negative-Prompt Inversion (Miyake et al., 2023), compromise editing outcomes. In this paper,
we challenge this prevailing wisdom, posing two fundamental questions:What exactly are these
optimization-based inversion methods truly aiming at? And, are such optimizations indispens-
able for diffusion-based image editing?

As illustrated in Figure 2, prior optimization-based approaches strive to minimize the distance be-
tweenzsrc

0 andzF sg
0 /zF tg

0 by indirectly tweaking the generation model's input parameters. Given the
magnitude of the optimization network, like UNet, and the impracticality of prolonged optimization
durations, these methods often optimize the target latent with just a few iterations. This results

1A more suitable name for them would be inversion correction techniques. But we follow previous works
and call them inversion techniques.

2



Published as a conference paper at ICLR 2024

in a learned latent with a discernible gap betweenzF sg
0 /zF tg

0 and the originalzsrc
0 . Moreover, the

learned latent does not appear during the generation models' training process, deviating from the
pretrained diffusion model's original input distribution. Such forced input assignments hinder the
model's generative capacity, compromising the integrity of both the source and editing branches.

In this work, we delve into the intricacies of text-based inversion, providing a thorough analysis of
existing techniques. Our theoretical and empirical analyses demonstrate that the exhaustive opti-
mization in prior techniques is, counterintuitively, not only far from optimal but unnecessary. Intro-
ducingPnP Inversion(Plug-and-Play Inversion), our approach offers a simple yet potent inversion
solution for diffusion-based editing. The essence ofPnP Inversionlies in two primary strategies: (1)
disentanglethe source and target branches, and (2) empower each branch toexcel in its designated
role: preservation or editing. Speci�cally, the source branch inPnP Inversionrecti�es the deviation
path directly, using only3 lines of code. This addresses the challenges seen in earlier approaches:
(1) undesirable latent space distances affectingessential content preservation, (2) misalignment in
the generation model's distribution, and (3) extended processing times. For the target branch, we
keep it unchanged, ensuring the best possibleedit �delity in line with the target prompt.

Addressing the lack of standardized benchmarks for inversion and editing, we introducePIE-Bench
(Prompt-basedImageEditing Benchmark) with700images from diverse scenes, spanning10edit-
ing categories. Each entry consists of a source prompt, target prompt, editing directive, edit subjects,
and a hand-annotated editing mask. To assessPnP Inversionand benchmark it against existing tech-
niques, we employ7 metrics emphasizing both essential content preservation and edit �delity. Com-
pared with5 inversion methods with Prompt-to-Prompt editing,PnP Inversionoutperforms them,
enhancing essential content preservation by up to83:2% in Structure Distance and edit �delity by
up to8:8% in Edit Region Clip Similarity, while achieving nearly an order of editing speedup over
optimization-based inversion methods. Moreover, across8 editing approaches,PnP Inversionboosts
content preservation by as much as20:2% and edit �delity by up to2:5% relative to their baseline
con�gurations. Visualization results are shown in Figure 1.2

2 RELATED WORK

Diffusion-based image editing aims to manipulate images with diffusion models using given instruc-
tions such as natural language descriptions (Hertz et al., 2023), point dragging (Shi et al., 2023), and
semantic masking (Meng et al., 2022). This involves two primary concerns: (1) edit �delity: ensure
the editing aligns with the provided instructions; and (2) essential content preservation: inverse the
images, particularly the regions that do not require modi�cation, into diffusion latent space while
ensuring accurate reconstruction during the editing procedure. Details are in supplementary �les.

For edit �delity, previous methods perform editing roughly through four ways: (1) end-to-end edit-
ing model (Brooks et al., 2023; Kim et al., 2022; Nichol et al., 2022; Geng et al., 2023) that trains
end-to-end diffusion models to edit images , (2) latent integration (Meng et al., 2022; Avrahami
et al., 2022; 2023; Couairon et al., 2023; Zhang et al., 2023b; Shi et al., 2023; Joseph et al., 2023)
that inserts editing instruction through the noisy latent feature in target diffusion branch to source
diffusion branch. , (3) attention integration (Hertz et al., 2023; Han et al., 2023; Parmar et al., 2023;
Cao et al., 2023; Tumanyan et al., 2023; Zhang et al., 2023a; Mou et al., 2023) that fuses attention
map connecting the text and image in the source and editing diffusion branch, and (4) target embed-
ding (Kawar et al., 2023; Cheng et al., 2023; Wu et al., 2023; Brack et al., 2023; Tsaban & Passos,
2023; Valevski et al., 2022; Dong et al., 2023; Wu & De la Torre, 2022; 2023) that aggregates editing
information of the target branch into an embedding and then insert it to source diffusion branch.

For essential content preservation, previous methods tried to retain the source image's feature
through (1) over�t the editing image (Kawar et al., 2023; Shi et al., 2023) so that editing will not
make massive changes to the image content, (2) DDPM/DDIM inversion variation (Miyake et al.,
2023; Huberman-Spiegelglas et al., 2023; Wallace et al., 2023) to strengthen the source image's in-
�uence on both the source and target branch by modifying DDPM/DDIM inversion formulation, (3)
attention preservation (Mou et al., 2023; Cheng et al., 2023; Cao et al., 2023; Parmar et al., 2023;
Tumanyan et al., 2023; Hertz et al., 2023; Qi et al., 2023) that retains the attention map feature of
the source diffusion branch during attention map fusion of the source and target branches, and (4)
source embedding (Mokady et al., 2023; Dong et al., 2023; Li et al., 2023b; Gal et al., 2022; Fei
et al., 2023; Huang et al., 2023) that absorbs the background or image information to an embedding
and use this embedding to reconstruct essential content of the source image.

2Code is available athttps://github.com/cure-lab/PnPInversion .
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3 PRELIMINARIES

This section will �rst introduce DDIM sampling and classi�er-free guidance commonly employed
in Diffusion Models. Then, we will delve into the issues arising from the utilization of classi�er-free
guidance and DDIM sampling in editing, and show how previous works address these challenges.

Diffusion Models. Diffusion models aim to map a random noise vectorzT to a series of noise
sampleszt and, �nally, an output image or latentz0 by adding Gaussian noise� step-by-step, where
t � [1; T] andT is the timestep number. To train diffusion models, we �rst samplezt from a real
image following equation 1 where� � N (0; 1) and� is hyper-parameter.

zt =
p

� t z0 +
p

1 � � t � (1)

Then, a denoiser network� � is optimized to predict� (zt ; t) with the objective:

min
�

Ez0 ;� �N (0 ;I ) ;t � Uniform (1 ;T ) k� � � � (zt ; t)k (2)

To generate images from givenzT , we employ the deterministic DDIM sampling (Song et al., 2020):

zt � 1 =
p

� t � 1
p

� t
zt +

p
� t � 1

 s
1

� t � 1
� 1 �

r
1
� t

� 1

!

� � (zt ; t) (3)

DDIM Inversion. Although diffusion models have superior characteristics in the feature
space (Balaji et al., 2022; Dong et al., 2023; Feng et al., 2022) that can support various down-
stream tasks, similar to GAN-based models (Xia et al., 2022), it is hard to apply them to images in
the absence of natural diffusion feature space for non-generated images. Thus, a technique invert-
ing zsrc

0 back tozT (i.e., zI
T ) is necessary. To address this, a straightforward inversion technique

known as DDIM inversion is commonly used for unconditional diffusion models, predicated on the
presumption that the ODE process can be reversed in the limit of in�nitesimally small steps.

zI
t =

p
� t

p
� t � 1

zI
t � 1 +

p
� t

 r
1
� t

� 1 �

s
1

� t � 1
� 1

!

� �
�
zI

t � 1; t � 1
�

(4)

However, in most diffusion models, this presumption cannot be guaranteed, resulting in a perturba-
tion fromzI

t to zI p
t in equation 3, equation 4 and Figure 2. Consequently, an additional perturbation

from zI p
t to zF s

t /zF t
t arises when utilizing equation 1 to sample an image fromzI p

T shown in Figure 2.

Classi�er-free Guidance. To insert conditions, Ho et al. (Ho & Salimans, 2022) present classi�er-
free guidance, which predicts noise both unconditionally and conditionally, then mix them together:

� � (zt ; t; C; � ) = w � � � (zt ; t; C ) + (1 � w) � � � (zt ; t; � ) ; (5)

wherew is the guidance scale,C is the condition (embedding of text prompt in our task), and� is
the null condition (embedding of null in our task). This further leads to another perturbation from
zF s

t /zF t
t to zF sg

t /zF tg
t due to the destruction of the DDIM process as demonstrated in Figure 2.

Previous Inversion Techniques. Currently, the predominant inversion technique employed for
reducing the adverse impact caused by DDIM inversion and classi�er-free guidance is optimization-
based methods, such as Null-Text Inversion (Mokady et al., 2023) and StyleDiffusion (Li et al.,
2023b). Alternative inversion techniques, such as Edit Friendly DDPM (Huberman-Spiegelglas
et al., 2023), Negative-Prompt Inversion (Miyake et al., 2023), and EDICT (Wallace et al., 2023),
exhibit instability in editing outcomes in both essential content preservation and edit �delity. The
qualitative and quantitative results in our experiment further corroborate this instability.

Optimization-based inversion methods use a speci�c latent variable to reduce the difference between
zF sg

t and zI p
t . For example, Null-Text Inversion revises equation 5 to equation 6 and learns the

speci�c latent variable by gradient propagation using the loss functionzF sg
t � zI p

t . This learned
variable will be further used in both the source and target branches in editing.

� � (zt ; t; C; � ) = w � � � (zt ; t; C ) + (1 � w) � � � (zt ; t; variable) (6)
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4 METHOD

4.1 MOTIVATION

We explain our motivation by raising and then answering two questions.

Why do optimization-based methods perform better among previous inversion methods?

Edit Friendly DDPM (Huberman-Spiegelglas et al., 2023) proposes an alternative latent noise space
by changing the DDPM sampling distribution to help reconstruction of the desired image. Negative-
Prompt Inversion (Miyake et al., 2023) assigns conditioned text embedding to Null-Text embedding
and thus maintains a guidance scale of1 to reduce the deviation in editing. EDICT (Wallace et al.,
2023) maintains two coupled noise vectors to invert each other in an alternating fashion for image
reconstruction, which reduces the editability of diffusion models. Compared with these inversion
techniques, optimization-based inversion (Mokady et al., 2023; Li et al., 2023b; Dong et al., 2023)
does not in�uence the distribution in DDIM sampling (compared to Edit Friendly DDPM), retains
enough guidance for text conditions (compared to Negative-Prompt Inversion), and maintains the
diffusion model's editability (compared to EDICT).

Are such optimizations indispensable and optimal for diffusion-based image editing?

Optimization-based inversion methods learn a speci�c latent variable to minimize the loss function
zI p

t � zF sg
t . Thus, the target of optimization-based inversion is to correctzF sg

t back tozI p
t . The

learned latent variable then serves as an input for both the source and target branches.

The optimization of a uni�ed variable for source and target branches leads to several problems: (1)
To optimize the speci�c latent variable, a prolonged processing time is needed during inference (e.g.,
148.48 seconds per image for Null-Text Inversion), which is impractical for editing tasks with user
interaction; (2) Considering that extended optimization times are not expected, previous approaches
have opted to optimize the target latent for only a limited number of iterations. Consequently, the
result frequently entails a learned latent space with a discernible gap betweenzF sg

0 and the initial
zsrc

0 , especially when a large distance exists betweenzF sg
t and zI p

t . This leads to a decline in
essential content preservation ability, as shown in our ablation study; (3) The learned variable serves
as the generation model's input parameter, which is not aligned with the diffusion model's expected
input distribution and leads to negative impacts on the diffusion model integrity andzF tg

t . These
three issues hinder the practicality and editability of these optimization-based inversion methods.

4.2 METHOD

Bearing these issues into consideration, we proposePnP Inversion. Thekey of PnP Inversionis
to disentangle the source and target branch, thus enabling each branch to unleash its maximum
potential individually. In the source branch, we can directly addzI p

t � zF sg
t back tozF sg

t , which is
a simple strategy that can directly rectify the deviation path and is plug-and-play to various editing
methods. In the target branch, simply leaving it unaltered would maximize the diffusion models'
potential for target image generation. This simple but effective solution solves the three issues in
optimization-based inversion by (1) No optimization is required, thus incurring minimal additional
time overhead; (2) AddingzI p

t � zF sg
t eliminates the discernible gap betweenzF sg

0 and the initial
zsrc

0 ; (3) Do not have any impact on the distribution of the diffusion model's input andzF tg
t .

Algorithm 1 presents the algorithm for insertingPnP Inversioninto existing diffusion-based image
editing methods. Red lines with gray backgrounds highlight the3 lines of code added byPnP
Inversion. Typical diffusion-based editing of images involves two parts: an inversion process to get
the diffusion space of the image, and a forward process to perform editing on the diffusion space.

Speci�cally, given a source image or latent embeddingzsrc
0 , we �rst use DDIM Inversion with source

promptCsrc to obtain the perturbed diffusion spacezI p
t in Part I (Algorithm 1 line 1-5). Then, in Part

II (Algorithm 1 line 6-8), existing editing methods take in source promptCsrc and target prompt
C tgt simultaneously as input with a batch size of2 to perform essential content preservation and
editing by integrating information between two batches. We use [] to enclose the elements in a batch
for better illustration. E.g., [a,b] represents a batch with a and b concatenate in batch dimension.

PnP Inversioncan be plug-and-played into the forward process in Part II and recti�es the deviation
path step by step as shown in Algorithm 1 line 9-13. Particularly, line 10 computes the perturbed
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forward latentzF sg
t � 1 of the source branch in DDIM forward as shown in Figure 2. Then,drec

t , the

difference between the perturbed DDIM Inversion latentzI p
t � 1 andzF sg

t � 1, the DDIM forward latent
with Csrc as conditions, is calculated in line 11. Finally, in line 12, we add thedrec

t to and only to
the source/reconstruction branch inDDIM Forward Editing Model , which is the key to rectifying the
deviation path as well as retaining the editability of the target prompt's latent space.

Algorithm 1: Real Image Editing Pipeline withPnP Inversion
Input: A source prompt embeddingCsrc (or embedding of null for some editing methods), a target

prompt embeddingC tgt , a real image or latent embeddingzsrc
0 , a prompt-based image editing

methodDDIM Forward Editing Model (e.g., Prompt-to-Prompt)
Output: A reconstruction image or latent embeddingzF sg

0 , an edited image or latent embeddingzF tg
0

Part I : Invert zsrc
0

1 zI p
0 = zsrc

0 ;
2 for t = 1 ; : : : ; T � 1; T do

3

h
zI p

t

i
 DDIM Inversion

�h
zI p

t � 1

i
; t � 1; [Csrc ]

�
;

4 end

5

h
zF sg

T ; zF tg
T

i
=

h
zI p

T ; zI p
T

i
;

Part II: Perform editing on zI p
T

6 for t = T; T � 1; : : : ; 1 do

7

h
zF sg

t � 1 ; zF tg
t � 1

i
 DDIM Forward Editing Model

��
zrec

t ; ztgt
t

�
; t;

�
Csrc ; C tgt ��

8 end

Part II: Perform editing on zI p
T with PnP Inversion

9 for t = T; T � 1; : : : ; 1 do

10

h
zF sg

t � 1

i
 DDIM Forward

�h
z I p

t

i
; t ; [C src ]

�
; // 1

11 [d rec
t � 1 ]  

h
z I p

t � 1

i
�

h
zF sg

t � 1

i
; // 2

12

h
zF sg

t � 1 ; zF tg
t � 1

i
 DDIM Forward Editing Model

��
zrec

t ; ztgt
t

�
; t;

�
Csrc ; C tgt ��

+ [ d rec
t � 1 ; 0] ; // 3

13 end

14 Return zF sg
0 , zF tg

0

4.3 BENCHMARK CONSTRUCTION

Figure 3: Examples of PIE-Bench. One example is provided for each editing type. For each
sample, we have provided corresponding annotations of editing type, source image, source prompt,
target prompt, editing instruction, and editing mask (the mask region is in yellow).
While diffusion-based editing has garnered signi�cant attention in recent years, evaluations of var-
ious editing methods have primarily relied on subjective and limited visualizations. To systemat-
ically validate our proposed method as a plug-and-play strategy for editing models and compare
our method with existing inversion methods, as well as compensate for the absence of standardized
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performance criteria for inversion and editing techniques, we construct a benchmark dataset, named
PIE-Bench(Prompt-basedImageEditing Benchmark).

PIE-Benchcomprises700images featuring10 distinct editing types. Images are evenly distributed
in natural and arti�cial scenes (e.g., paintings) among four categories: animal, human, indoor, and
outdoor. Each image inPIE-Benchincludes �ve annotations: source image prompt, target image
prompt, editing instruction, main editing body, and the editing mask. Notably, the editing mask
annotation (indicating the anticipated editing region) is crucial in accurate metrics computations as
we expect the editing to only occur within a designated area. Details are in the supplementary �les.

5 EXPERIMENTS
Due to page limitation, we only provide the comparison of inversion-based editing, essential con-
tent preservation methods, ablation onPnP Inversionand Null-Text Inversion, and the in�uence of
adding the difference to target latent in this section. More experiments are in supplementary �les.

5.1 EVALUATION METRICS

To illustrate the effectiveness and ef�ciency of our proposedPnP Inversion, we use eight metrics
covering four aspects: structure distance (Tumanyan et al., 2022), background preservation (PSNR,
LPIPS (Zhang et al., 2018), MSE, and SSIM (Wang et al., 2004) outside the annotated editing mask),
edit prompt-image consistency (CLIPSIM (Wu et al., 2021) of the whole image and regions in the
editing mask) and inference time. Details can be found in the supplementary �les.

5.2 COMPARISON WITH INVERSION-BASED EDITING

Method Structure Background Preservation CLIP Similariy

Inverse Editing Distance� 10 3 # PSNR" LPIPS� 10 3 # MSE� 10 4 # SSIM� 10 2 " Whole " Edited "

DDIM P2P 69.43 17.87 208.80 219.88 71.14 25.01 22.44
NT† P2P 13.44 27.03 60.67 35.86 84.11 24.75 21.86
NP P2P 16.17 26.21 69.01 39.73 83.40 24.61 21.87

StyleD P2P 11.65 26.05 66.10 38.63 83.42 24.78 21.72

Ours P2P 11.6583% # 27.2252% " 54.5574% # 32.8685% # 84.7619% " 25.021:7% " 22.101:7% "

DDIM MasaCtrl 28.38 22.17 106.62 86.97 79.67 23.96 21.16

Ours MasaCtrl 24.7013% # 22.642% " 87.9418% # 81.097% # 81.332% " 24.381:8% " 21.350:9% "

DDIM P2P-Zero 61.68 20.44 172.22 144.12 74.67 22.80 20.54

Ours P2P-Zero 49.2220% # 21.535% " 138.9819% # 127.3212% # 77.053% " 23.312:2% " 21.052:5% "

DDIM PnP* 28.22 22.28 113.46 83.64 79.05 25.41 22.55

Ours PnP* 24.2914% # 22.461% " 106.067% # 80.454% # 79.681% " 25.41 22.620:3% "

* use Stable Diffusion v1.5 as base model (others all use Stable Diffusion v1.4)
† averaged results on A800 and RTX3090 since different environment leads to slightly different performance

Table 1:Compare PnP Inversionwith other inversion techniques across various editing meth-
ods.For editing method Prompt-to-Prompt (P2P) (Hertz et al., 2023), we compare four different in-
version methods: DDIM Inversion (DDIM) (Song et al., 2020), Null-Text Inversion (NT) (Mokady
et al., 2023), Negative-Prompt Inversion (NP) (Miyake et al., 2023), and StyleDiffusion (StyleD) (Li
et al., 2023b). For editing methods MasaCtrl (Cao et al., 2023), Pix2Pix-Zero (P2P-Zero) (Cao et al.,
2023), Plug-and-Play (PnP) (Tumanyan et al., 2023), we compare with DDIM Inversion (DDIM).

Method Time (s)

NP 18.22
EF 19.10

AIDI 35.41
EDICT 35.48

NT 148.48
StyleD 382.98

Ours 28.17

Table 2: Comparison
of inference time.

This section comparesPnP Inversionwith previous inversion-based edit-
ing methods quantitatively and qualitatively. Four inversion methods,
DDIM Inversion (Song et al., 2020), Null-Text Inversion (Mokady et al.,
2023), Negative-Prompt Inversion (Miyake et al., 2023), and StyleDif-
fusion (Li et al., 2023b), as well as four editing methods, Prompt-to-
Prompt (Hertz et al., 2023), MasaCtrl (Cao et al., 2023), pix2pix-zero (Par-
mar et al., 2023), and Plug-and-Play (Tumanyan et al., 2023) are taken into
consideration. For inversion methods such as EDICT (Wallace et al., 2023)
and Edit-Friendly DDPM Inversion (Huberman-Spiegelglas et al., 2023),
we put them into section 5.3 since their main target is to preserve the back-
ground and result in a decline in editability.
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Figure 4:Visualization results of different inversion and editing techniques.The source image
is shown in col (a). We compare (h)PnP Inversionwith different inversion techniques added with
Prompt-to-Prompt (Hertz et al., 2023): (b) DDIM Inversion (Song et al., 2020), (c) Null-Text Inver-
sion (Mokady et al., 2023), (d) Negative-Prompt Inversion (Miyake et al., 2023), and (e) StyleDiffu-
sion (Li et al., 2023b). We also compare model-based editing results: (f) Instruct-Pix2Pix (Brooks
et al., 2023) and (g) Blended Latent Diffusion (Avrahami et al., 2023). The improvements are mostly
tangible, and we circle some of the subtle discrepancies w/oPnP Inversionin red.

Table 1 shows the structure retention, background preservation, and edit CLIP Similarity of the
four inversion methods and the four editing methods. Results show that when added withPnP
Inversion, all editing methods have a performance improvement on the retention of background and
structure while improving or maintaining editability compared with other inversion methods. While
DDIM Inversion may yield a high edit CLIP Similarity within the edited mask, the preservation of
structure and background falls signi�cantly below the acceptable performance threshold, as depicted
in Figure 4. We also give out the inference time of Negative-Prompt Inversion (NP), Edit Friendly
Inversion (EF), AIDI (Pan et al., 2023), EDICT, Null-Text Inversion (NT), and Style Diffusion (SD)
added with Prompt-to-Prompt in Table 2.PnP Inversionachieves better editing results with far less
inference time than Null-Text Inversion and StyleDiffusion. Although Negative-Prompt Inversion
and Edit Friendly DDPM infer a little faster thanPnP Inversion, their editing results are much more
unacceptable compared toPnP Inversionas shown in Table 1 and Table 3.

5.3 COMPARISON WITH ESSENTIAL CONTENT PRESERVATIONMETHODS

Method CLIP Similariy

Inverse Edit Whole " Edit "

NT P2P 24.75 21.86

NT Prox 22.91# 20.23#
NP Prox 24.28# 21.36#
EF P2P 23.97# 21.03#

EDICT P2P 23.09# 20.32#

Ours P2P 25.02" 22.10"

Table 3: Compare PnP
Inversion with background
preservation methods.

We comparePnP Inversionwith inversion and editing techniques
targeted for essential content preservation in Table 3. Null-Text In-
version (NT) (Mokady et al., 2023) added with Prompt-to-Prompt
(P2P) (Hertz et al., 2023) provides a baseline for all improvement
methods. Speci�cally, Negative-Prompt Inversion (NP) (Miyake
et al., 2023) maintains a guidance scale of1 to reduce the devia-
tion in editing. Proximal Guidance (Prox) (Han et al., 2023) lim-
its edit changes to a speci�c area based on editing amplitude. Edit
Friendly DDPM (EF) (Huberman-Spiegelglas et al., 2023) changes
the DDPM sampling distribution to allow reconstruction of the de-
sired image. EDICT (Wallace et al., 2023) maintains two coupled
noise vectors to invert each other for image reconstruction. Al-
though some of these techniques improve the structure and back-
ground preservation compared to Null-Text Inversion, clip similarity has decreased for all meth-
ods, which indicates a deteriorating editing ability. On the contrary,PnP Inversioncan lift struc-
ture/background preservation and editability simultaneously, as shown in Table 1.
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5.4 ABLATION STUDY

5.4.1 COMPARING PnP InversionAND NULL -TEXT INVERSION

To validate our theoretical analysis, we prove experimentally in Table 4 thatPnP Inversion's im-
provement over Null-Text Inversion (NT) is a three-step process, disentangling the source and target
branch, wiping off the force assignment of null-text embedding, and removing the distance gap
shown in Figure 2. To disentangle the two branches, we revise Null-Text Inversion to a single-
branch version (NT-S) and only assign the learned null-text latent to the source branch. Results
show an improvement in CLIP Similarity, revealing the bene�t of leaving the target branch unal-
tered. To wipe off the force assignment, we use the optimization strategy of Null-Text Inversion,
and instead of replacing null-text embedding, we directly add the difference to the source latent. The
result is shown as Null-Latent Inversion (NL). To show the in�uence of the distance gap, we add
scaled distance (scale� drec

t ) to the source latent. Results show that with the distance gap increase,
the structure and background preservation decline, while the edit �delity �uctuates. Moreover, the
Null-Latent Inversion's performance is between added distance with a scale of 0.4 and 0.8, which
implies the average optimization distance gap of Null-Text inversion is between 0.4 and 0.8.

Metrics Structure Background Preservation CLIP Similarity

Method Distance� 10 3 # PSNR" LPIPS� 10 3 # MSE� 10 4 # SSIM� 10 2 " Whole " Edited "

NT† 13.44 27.03 60.67 35.86 84.11 24.75 21.86
NT-S† 14.25" 26.39# 66.62" 40.09" 83.52# 25.01" 22.11"

Scale Distance� 10 3 # PSNR" LPIPS� 10 3 # MSE� 10 4 # SSIM� 10 2 " Whole " Edited "

0.4 13.55 26.65 58.79 36.98 84.29 25.02 22.10
NL† 12.05# 27.03" 55.83# 33.94# 84.55" 25.02" 22.09"
0.8 11.90 27.14 54.76 33.35 84.66 25.08 22.12

1 11.65# 27.22" 54.55" 32.86# 84.76" 25.02" 22.10"
† averaged results on A800 and RTX3090 since different environment leads to slightly different performance

Table 4:Ablation study of comparing Null-Text Inversion and PnP Inversion.

5.4.2 INFLUENCE OFADDING DIFFERENCE TOTARGET LATENT

In Algorithm 1, we only add the distance of the source prompt to the source latent. To show the ra-
tionality of this operation and the disentanglement of the source and target branch, we compare the
performance of adding source/reconstruction distancedrec

t � 1 to the target latent and adding target dis-
tancedtgt

t � 1 to the target latent in Table 5, where the operation on source branch is leaved unchanged.
Speci�cally, dtgt

t � 1 is computed by changingCsrc to C tgt in Algorithm 1 line 10. Adding source
distance to the target latent leads to a decline in both structure/background preservation and clip
similarity. Although adding target distance to the target latent leads to better structure/background
preservation, the clip similarity (edit �delity) sharply decreases.

Metrics Structure Background Preservation CLIP Similariy

Add Distance� 10 3 # PSNR" LPIPS� 10 3 # MSE� 10 4 # SSIM� 10 2 " Whole " Edit "

drec
t � 1 19.30 26.15 63.70 46.45 83.67 24.93 21.88

dtgt
t � 1 9.86 27.66 50.17 33.28 85.13 23.00 20.27
0 11.65 27.22 54.55 32.86 84.76 25.02 22.10

Table 5:Results of adding the difference to the target latent.

6 CONCLUSION

This paper introducesPnP Inversion, a simple yet effective technique for inverting diffusion models.
By disentangling the source and target branches in diffusion-based editing,PnP Inversionseparates
the responsibility for essential content preservation and edit �delity, thus achieving superior perfor-
mance in both aspects. To address the lack of standardized performance criteria for inversion and
editing techniques, we developPIE-Benchcomprising 700 images in natural and arti�cial scenes
featuring ten distinct editing types. Evaluation metrics demonstrate thatPnP Inversionoutperforms
eight editing methods across �ve inversion techniques in terms of both edit quality and inference
speed. Limitations and future work can be found in supplementary �les.
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Reproducibility Statement. To ensure the reproducibility and completeness of this paper, we in-
clude the Appendix with7 sections. Appendix A provides details of related works, offering ad-
ditional information to complement the main text. Appendix B introduces the construction of
PIE-Benchin detail and provides examples in the benchmark. Appendix C illustrates the evalu-
ation metrics we use in our experiments. Appendix D contains the details of our implementation.
Appendix E contains quantitative results on the reconstruction ability of different inversion meth-
ods, a full comparison with essential content preservation methods, a comparison with model-based
editing, ablation of step and interval, in�uence of inverse and forward guidance scale, and results
of different editing types. Appendix F provides more qualitative results compared with different
inversion-based editing, essential content preservation methods, and model-based editing. Lastly,
we include limitations and future works in Section G.

A RELATED WORK

Diffusion models excel in multiple generation tasks (Liu et al., 2022b;a; 2023c;b; Ju et al., 2023; Ma
et al., 2023a;b; Chen et al., 2023a;b; Lu et al., 2023). As mentioned in the main paper, diffusion-
based image editing involves two primary concerns: (1) edit �delity and (2) essential content preser-
vation. Most diffusion-based editing methods take both aspects into consideration and perform
editing using a two branches strategy,i.e., a source diffusion branch to maintain the source im-
age's essential content and a target diffusion branch to insert editing instruction (shown in Figure 5).
Accordingly, we have a comprehensive review of prior methodologies concerning both two aspects.

Figure 5:Diffusion-based editing pipelineshowing how edit �delity and essential content preser-
vation are achieved in different methods. Detailed introduction is in supplementary �les.

Edit Fidelity. Diffusion models naturally possess hierarchical features (e.g., noisy latent of each
step, different resolution UNet features), enabling different editing strategies. Previous methods
perform editing roughly through four ways:¬ end-to-end editing model (with only one editing
branch),­ latent integration,® attention integration, and̄ target embedding.

Speci�cally, ¬ trains end-to-end diffusion models for image editing, which is limited by insuf�-
cient/noisy training data or indirect training strategies (Brooks et al., 2023; Kim et al., 2022; Nichol
et al., 2022; Mirzaei et al., 2023). The shared objective of­ -¯ is to map both the source image and
the target editing instruction to the diffusion space, then inject the target branch's features into the
source diffusion space.­ inserts editing instruction in the level of the noisy diffusion latent (Meng
et al., 2022; Avrahami et al., 2022; 2023; Couairon et al., 2023; Zhang et al., 2023b; Joseph et al.,
2023; Elarabawy et al., 2022).The features of the source and the target branch are merged through
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