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Abstract
Building on the success of text-to-image diffusion models
(DPMs), image editing has emerged as a crucial applica-
tion for enabling human interaction with AI-generated con-
tent. Among various editing techniques, prompt-based edit-
ing has garnered significant attention for its capacity to sim-
plify semantic control. However, because diffusion mod-
els are typically pretrained on descriptive text captions, di-
rectly modifying words in text prompts often results in en-
tirely different generated images, which undermines the ob-
jectives of image editing. Conversely, existing editing meth-
ods often employ spatial masks to maintain the integrity of
unedited regions, but these are frequently disregarded by
DPMs, leading to disharmonious editing outcomes. To ad-
dress these two challenges, we propose a method that dis-
entangles the comprehensive image-prompt interaction into
multiple item-prompt interactions, with each item associated
with a uniquely learned prompt. The resulting framework,
named D-Edit, leverages pretrained diffusion models with
disentangled cross-attention layers and employs a two-step
optimization process to establish item-prompt associations.
This approach allows for versatile image editing by enabling
targeted manipulations of specific items through their cor-
responding prompts. We demonstrate state-of-the-art results
in four types of editing operations including image-based,
text-based, mask-based editing, and item removal, covering
most types of editing applications, all within a single unified
framework. Notably, D-Edit is the first framework that can (1)
achieve item editing through mask editing and (2) combine
image and text-based editing. We demonstrate the quality and
versatility of the editing results for a diverse collection of im-
ages through both qualitative and quantitative evaluations.

Introduction
The recent advancements in text-to-image diffusion genera-
tive models represent a cutting-edge approach in the field of
generative models. By gradually introducing noise into the
image, these models facilitate sophisticated image synthe-
sis (Podell et al. 2023; Ruiz et al. 2023; Song, Meng, and
Ermon 2020) while preserving semantic alignment with the
text prompt. One notable application is image editing, where
diffusion models provide unprecedented control over vari-
ous editing tasks, including inpainting (Nichol et al. 2021;
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Avrahami, Fried, and Lischinski 2023), text-guided editing
(Hertz et al. 2022; Parmar et al. 2023), pixel editing (Mou
et al. 2023; Brooks, Holynski, and Efros 2023), etc. Various
types of editing can generally be evaluated based on two key
criteria: preservation of the original image’s information and
fidelity or consistency with the target guidance. An effective
image editing process should prioritize retaining essential
information from the original image while ensuring precise
semantic alignment with the intended modifications.

To improve consistency with the target guidance, some
work (Yang et al. 2023; Chen et al. 2023; Shen et al. 2023;
Xue et al. 2022) encodes reference images by introduc-
ing additional trainable encoders to preserve identities of
the reference, and adds additional controls to DPMs us-
ing methods like ControlNet (Zhang, Rao, and Agrawala
2023). However, such methods cannot incorporate the exist-
ing text prompt control flow in DPMs and therefore require
large-scale pretraining which is usually costly and domain-
specific. To preserve information about the original image
and improve harmonization, another line of work fixes dif-
fusion sampling trajectory (by setting random seed or us-
ing DDIM) and achieves editing by carefully tuning text
prompts (Mokady et al. 2023; Miyake et al. 2023), chang-
ing part of the trajectory (Meng et al. 2021), merging trajec-
tories (Lu, Liu, and Kong 2023; Wallace, Gokul, and Naik
2023), or optimizing the latent pixel space (Mou et al. 2023;
Shi et al. 2023). This avoids additional pretraining but either
relies on careful source prompt design to match the editing
region or additional optimization per edit.

In this work, we propose two key techniques aimed at en-
hancing the aforementioned criteria: (1) Disentangled Con-
trol: To preserve the original image’s information, the edit-
ing of a target item should minimally impact surrounding
items. The control process from prompt to image should
also be disentangled, ensuring that modifications to an item’s
prompt do not interfere with the control flow of other items.
Recognizing that text-to-image interactions occur within the
cross-attention layers of attention-based diffusion models,
we propose a grouped cross-attention mechanism to dis-
entangle the control flow between prompts and items. (2)
Unique Item Prompt: To enhance consistency with the
guidance (e.g., a reference image), each item should be asso-
ciated with a unique prompt that directs its generation. These
prompts typically involve special tokens or rare words. Pre-
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Figure 1: The editing pipeline of using D-Edit. The user first uploads an image which is segmented into several items. After
finetuning DPMs, the user can do various types of control, including (a) replacing the model with another using a text prompt;
(b) refining imperfect details caused by segmentation; (c) moving bags to the ground; (d) replacing the handbag with another
one from a reference image; (e) reshaping handbag; (f) resizing the model and handbag; (g) removing background.

vious works on image personalization, such as Dreambooth
(Ruiz et al. 2023) and Textual Inversion (Gal et al. 2022)
have explored this concept by representing a new subject
with a unique prompt, which is then used for image genera-
tion. In contrast, our approach employs independent prompts
to define individual items rather than the entire image. Ide-
ally, if each item in the image, with all its details, could be
precisely described by a unique English word, users could
achieve various editing tasks simply by swapping the cur-
rent word for the desired one.

By fully harnessing the potential of prompt uniqueness
and disentangled control, we introduce a versatile image
editing framework for diffusion models called Disentangled-
Edit (D-Edit). This unified framework enables a wide range
of image editing operations at the item level, including text-
based, image-based, mask-based editing, and item removal.
As illustrated in Fig. 1, the process begins with segmenting
the target image into multiple editable items (in this context,
background and unsegmented regions are also referred to as
items), each associated with a prompt composed of several
new tokens. The associations between prompts and items are
established through a two-step fine-tuning process, which
optimizes both the text encoder’s embedding matrix and the
UNet model’s weights. To disentangle prompt-to-item inter-
actions, we introduce grouped cross-attention, which iso-
lates attention calculation and value updates. This allows
users to achieve various types of image editing by modifying
prompts, items, and their associations, as well as by adjust-
ing corresponding masks. This flexibility opens up a wide
range of creative possibilities and offers precise control over
the editing process. We demonstrate the versatility and per-
formance of our framework across four image editing tasks,
utilizing both Stable Diffusion and Stable Diffusion XL. We
summarize our contribution as follows:
• We propose to establish item-prompt association to

achieve item editing.
• We introduce grouped cross-attention to disentangle the

controlling flow in diffusion models.
• We propose D-Edit as a versatile framework to sup-

port various image-editing operations at the item level,
including text-based, image-based, mask-based, editing,
and item removal. D-Edit is the first framework that
can do mask-based editing, and perform text and image-
based editing at the same time.

Related Works
Trajectory-Based Editing. Because natural language can-
not perfectly describe a given image, a single prompt may
correspond to multiple sampling trajectories with different
random seeds. SDEdit (Meng et al. 2021) achieves editing
by sharing the former part of the sampling process to pre-
serve the high-level information like layout and changing
the latter part for realistic reconstruction. Diffusion inver-
sion (Mokady et al. 2023; Huberman-Spiegelglas, Kulikov,
and Michaeli 2023; Lu, Liu, and Kong 2023) inverts the re-
verse diffusion process and forces the original and edited
trajectory to share the same sampling starting point (picky
to the sampling method). Interactions between the two tra-
jectories can then be built by sharing cross/self-attention to
preserve the original identity (Tumanyan et al. 2023; Mou
et al. 2023). Combined with P2P (Hertz et al. 2022), these
methods can achieve fine-grained text-based editing, but it
requires an accurate captioning prompt of the original im-
age to reverse the diffusion, and the prompt can only change
by a few words. Our methods are agnostic to sampling tra-
jectories, don’t require any prior prompt, and support more
freedom to change the prompt.
Image Identity Extraction. Because image-based editing
involves additional modalities for conditioning, the natu-
ral thought is to introduce additional encoders to encode
the corresponding modalities. Paint-by-example (Yang et al.
2023) trains additional MLP layers following a pretrained
CLIP image encoder to encode reference image information.
AnyDoor (Chen et al. 2023) design an additional identity ex-
tractor to preserve the original item identity. PCDMs (Shen
et al. 2023) introduced additional layers to encode the source
image and target position. Because of the introduction of the
additional trainable module, these models have to train on a
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Figure 2: Comparison of conventional full cross-attention and grouped cross-attention. Query, key, and value are shown as
one-dimensional vectors. For grouped cross-attention, each item patch only attends to the text prompt assigned to it.

large dataset to perform well on more images. Our method
leverages the original pretrained text-encoder and UNet to
encode reference images and can therefore process a wider
range of images.
Image as a Word. Representing images with special to-
kens has been a popular choice for image personalization.
Textual Inversion (Gal et al. 2022) and Dreambooth (Ruiz
et al. 2023) represent the original subject with new tokens or
rare tokens, the embedding layers or the full model are op-
timized with a few personalization optimization steps. We
follow this line of thought in the image editing context. In-
stead of learning prompts from images, we learn from items
and therefore can be applied when the given image con-
tains multiple items with different subjects. The most sim-
ilar works to us are SINE (Zhang et al. 2023) and Imagic
(Kawar et al. 2023). SINE achieves single-image editing by
combining Dreambooth-trained prompt with source prompt
using classifier-free guidance. Imagic optimizes the prompt
embedding to be aligned with both the input image and the
target text and interpolates the learned prompt to achieve
editing. Compared to these methods, our framework does
not require a captioning prompt in advance and can achieve
more types of controls besides text-based editing.

Method
In this section, we discuss the details of the D-Edit frame-
work. We first review the basics of diffusion models and
text-to-image control flow. Next, we show how to establish
item-prompt association through the two-step finetuning.
Then, we discuss how to utilize the editability of prompts
for versatile image editing operations.

Diffusion Models
Denoising diffusion probabilistic models generate high-
quality images by learning to reverse the given forward
Markov chain through iterative refinement. During the for-
ward process, it works by gradually adding Gaussian noise

to the original data, deriving intermediate latent as

zt =
√
αtx0 +

√
1− αtϵt (1)

with 0 = αT < αT−1 < .. < α0 = 1 being the noise sched-
ule, and ϵt ∼ N (0, I). The neural network fθ(zt, t) (like
UNet) is introduced to predict the added noise ϵt. The pre-
dicted noise is then used for sampling by running the reverse
process which starts from the pure Gaussian noise zT and
ends at original data z0. Latent Diffusion Model (LDM) is
the most widely adopted diffusion model for high-resolution
image generation. Given an image I ∈ RH×W×3, LDM op-
erates in the encoded latent space, z0 = E(I), and maps the
sampled latent representation to the original space using the
paired decoder.
Text-to-Image Control. A key factor contributing to the
success of LDM is its robust ability for text-to-image gener-
ation. By introducing the additional condition y as the auxil-
iary input to fθ(zt, t, y), LDM can generate images accord-
ing to the designed user prompt. It should be noted that such
prompts are usually general textual descriptions, and the fi-
nal generated image is additionally controlled by the random
seed in use for sampling.

Textual prompt controls the image generation through the
cross-attention process. Specifically, the given text prompt
P containing W words is first encoded by the pretrained
text encoder (e.g. CLIP (Radford et al. 2021)) gϕ into text
embedding c = gϕ(P ) ∈ RW×Dc (W is the prompt length
and Dc is the embedding dimension). It is then used as in-
put along with the image latent zt ∈ RZ×Dz (we abuse the
notation of model input and layer input) in the UNet cross-
attention layer:

q = wqzt ∈ RZ×D

k = wkc ∈ RW×D

v = wvc ∈ RW×D

A = softmax(qkT ) ∈ RZ×W

O(c, zt) = A · v,
(2)

where the condition c is encoded into key and value vector
while the image input zt is encoded into query vector.
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Item-Prompt Association
As shown in Eq. 2, the original LDM performs text-image
interaction between every token in c and every pixel in zt
through cross-attention matrix A. In fact, such token-pixel
interactions have been shown disentangled in nature (Tang
et al. 2022; Hertz et al. 2022), and the attention matrix
A ∈ RZ×W is usually sparse in the sense that each col-
umn (token) only attend to several non-zero rows (pixels).
For example, during image generation, the word ”bear” has
higher attention scores with pixels related to the bear region
compared to the remaining region.

Inspired by the natural disentanglement, we propose to
segment the given image I into N non-overlapped items
{Ii}Ni=1 using segmentation model (same segmentation ap-
plied to zt because of emergent correspondence (Tang et al.
2023)). A set of prompts {Pi}Ni=1 is adopted to replace the
original text prompt P . Each prompt Pi is regarded as the
textual representation of the corresponding item zti (Details
of Pi are discussed in Sec. ). As shown in Fig. 2, we force
different items Ii to be controlled by distinct prompt Pi by
masking our other items, and therefore any prompt changes
in Pi will not influence the remaining item during the cross-
attention controlling flow, which is the desired property for
image editing. This results in a group of disentangled cross-
attentions. For each item-prompt pair (Ii, Pi), the cross-
attention can be written as
qi = wqz

t
i ∈ RZi×D

ki = wkci ∈ RWi×D

vi = wvci ∈ RWi×D

out({ci}, {zti}) = ΣN
i=1outi(ci, zti)

Ai = softmax(qikTi ) ∈ RZi×Wi

out(ci, zti) = Ai · vi
(3)

It should be noted that such disentangled cross-attention
cannot be directly used for pretrained LDMs, and therefore
further finetuning is necessary to enable the model to com-
prehend item prompts and grouped cross-attention.

Linking Prompt to Item
We link prompts to items with two sequential steps. We first
introduce the item prompt, consisting of several special to-
kens with randomly initialized embeddings. Then we fine-
tune the model to build the item-prompt association.
Prompt Injection. We propose to represent each item in
an image with several new tokens which are inserted into
the existing vocabulary of text encoder(s). Specifically, as
shown in Fig. 3, we use 2 tokens to represent each item and
initialize the newly added embedding entries using Gaus-
sian distribution with mean and standard deviation derived
from the existing vocabulary. For comparisons, Dreambooth
(Ruiz et al. 2023) represents the image using rare tokens
and perfect rare tokens should have no interference with ex-
isting vocabulary, which is hard to find. Textual inversion
and Imagic insert new tokens into vocabulary where the cor-
responding embedding is semantically initialized by given
word embeddings which describe the image. This adds ad-
ditional burdens of captioning the original image. We found
that it is sufficient to use randomly initialized new tokens
as item prompts and such randomly initialized tokens have
minimal impact on the existing vocabularies.

#grass_1

existing vocab

#grass_2

……

#cat1_1

#cat1_2

emb matrix

Demb

encoder 
layers

Dc

Figure 3: Embedding layer in the text encoder. New tokens
are inserted with random initialization.

To associate items with prompts, the inserted embedding
entries are then optimized to reconstruct the corresponding
image to be edited using

mineEt,ϵ

[
||ϵ− fθ(zt, t, gΦ(P ))||2

]
, (4)

where e ∈ RNM×Demb represents the embedding rows cor-
responding to N items each with M tokens.
Model Finetuning . Optimization in the first stage injects
the image concept into text-encoder(s), but cannot achieve
perfect reconstruction of the original item given the corre-
sponding prompt. Therefore, in the second stage of opti-
mization, we optimize the UNet parameters by running op-
timization with the same objective function as in Eq. 4. We
found that updating parameters solely within cross-attention
layers is adequate, as we only disentangle the forward pro-
cess of these layers rather than the entire model. It should be
noted that the optimizations above are running against only
one image or two images (target and reference images) if
image-based editing is needed.

Editing with Item-Prompt Freestyle
After the two-step optimization, the model can exactly re-
construct the original image given the set of prompts cor-
responding to each item, with an appropriate classifier-free
guidance scale. We then achieve various disentangled im-
age editing by changing the prompt associated with an item,
the mask of an item-prompt pair, and the mapping between
items and prompts. We discuss four types of image editing
operations that can be achieved by varying item-prompt re-
lationships, summarized in Fig. 4. Details of each operation
are discussed in Appendix.

Experiments
Experiment Setup
Training Details. We implement our D-Edit framework on
stable diffusion (SD) v1.5 for 512 × 512 images and SDXL
for 1024 × 1024 resolution images. Mask2Former (Cheng
et al. 2022) is used for segmentation and Grounding DINO
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Figure 4: Operations needed for different types of image
editing. Each colored item has a unique prompt p.

(Liu et al. 2023) for text-prompted segmentation. The fine-
tuning is performed with Adam optimizer with learning rate
1e-4 for embedding training, 5e−5 for cross-attention layer
training, and 5e−5 for LORA full parameter training. Gra-
dient accumulation is applied to keep the effective batch size
to 10 for training robustness. Each image is segmented into
3-8 items by merging excess segments and each item is rep-
resented by 1 token for SD and 5 tokens for SDXL. We de-
ploy the default Euler discrete scheduler with sampling step
20 to generate all images during inference. All finetuning
and inference are conducted on NVIDIA A6000 GPUs.

Figure 5: Text-guided editing. D-Edit enables selection of
any item segmentation and edit using text prompt.

Text-Guided Editing
Given an input image with appropriate segmentation (no
captions needed), we can select any one of the items and
replace the learned prompt with the target text prompt. We
show such text-guided editing results in Fig. 5. Compared to
null-text inversion with Prompt-to-Prompt (P2P), D-Edit can
generate more realistic details and have a more natural tran-
sition between edited and unedited areas (e.g., the connec-
tion between the bike handlebar and the woman’s hand) be-
cause of disentangled control. The editing of D-Edit is more
focused on the target item while the editing of inversion with
P2P overflows to other regions (painting in the second exam-
ple and cheese in the third) using text. Besides, unlike most
text-guided methods, D-Edit does not require a caption for

the original image which is extremely useful when the scene
is hard to describe.

Figure 6: The learned prompt (denoted as [v]) can be com-
bined with words to achieve refinement/editing of the target
item. (a) Augment an item prompt with words while keeping
other prompts unchanged for editing. (b) Generate the en-
tire image with certain item prompt(s) augmented with text
words for personalization.

Then we show the learned item prompts can be combined
with normal text words to achieve item refining, besides
item replacement. As shown in Fig. 6(a), by combining the
learned prompt with adjective words, we can achieve color
and texture control of specific items. The preservation of the
car and cake shape details after editing indicates the estab-
lished association between prompts and items through fine-
tuning, while the add-on effect shows the good quality of the
learned new prompt in the vocabulary.

In Fig. 6(b), we show the results of item personalization
where we generate the image using certain item prompt(s),
without using the item-prompt association. This differs from
Dreambooth-style personalization in that Dreambooth lacks
the capability for item-level customization unless the item is
cropped and focused upon, which is usually hard in an image
including multiple items. Besides, it requires more images
(3-5) with captions for personalization, while our method
takes one image without captions. Qualitative results show
that learned item(s) can be combined with text to generate
personalized images, and the text prompt can be used to per-
sonalize the background, number, and position of the item.

For quantitative evaluation, we introduce a new bench-
mark D-Item(Text) with 100 manually selected multi-item
images, where each image is properly segmented into 3-8
items with a segmentation mask. We also include the caption
of each image used for baselines, although it is not needed
for D-Edit. 2 items of each image are selected and given 5
appropriate target prompts, therefore generating 1,000 item-
prompt pair combinations. We adopt CLIP text (CLIP-T)
score to represent the semantic alignment of the edited item
and target prompt, and LPIPS score to represent consistency
with the original images. As shown in Tab. 1, D-Edit out-
performs SDEdit (Meng et al. 2021) and P2P with DDIM
inversion, especially on LPIPS score which shows improved
fidelity to the original images.

Image-Guided Editing
For image-guided editing, the user can select one item from
the reference image and use it to replace one item in the
target image. We compare the editing results with baselines
including Anydoors (Chen et al. 2023), Paint-by-Example
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Figure 7: Qualitative comparison of image-guided editing. D-Edit is compared with Anydoor, Paint-by-Example, and TF-ICON,
on item replacement and face swapping.

LPIPS↓ CLIP-T↑
P2P 0.401 39.5
SDEdit 0.432 32.1
D-Edit 0.179 42.0

Table 1: Text-guided editing: consistency with the original
image (LPIPS) and target text prompt (CLIP-T).

LPIPSt↓ LPIPSr↓ CLIP-I↑
Aydoors 0.608 0.720 60.2
PbE 0.465 0.833 50.8
D-Edit 0.340 0.701 66.4

Table 2: Image-guided editing: consistency with the original
image (LPIPSt) and reference image (LPIPSt and CLIP-I).

(Yang et al. 2023) and TF-ICON (Lu, Liu, and Kong 2023)
when the reference image mainly consists of a single item.
As shown in Fig. 7, Paint-by-example can naturally inpaint
reference items into the target scene but it falls short in keep-
ing the identity of the reference item (the face and bird ex-
ample). Anydoors can retain more relevant details from the
reference image, yet it may also incorporate undesirable ele-
ments in reference, resulting in a less harmonious blend with
the target image. For example, the car’s original orientation
is preserved, causing it to appear out of the parking spot in
the target image. Besides, it cannot preserve the face details
as in the example. Compared to these methods, D-Edit is ca-
pable of seamlessly composing objects into the target while
maintaining their identities.

We show more image-based editing results of D-Edit in
Fig. 8 and Appendix. D-Edit can work well when the ref-
erence image contains multiple items that may be hard to
separate (like the bag in hand). Additionally, D-Edit doesn’t
necessitate the reference item to closely resemble its an-
ticipated appearance in the target image, because blending
through the prompt space offers smoother transitions com-
pared to pixel-level manipulation, and the prompt-mask cor-
respondence helps standardize the appearance of the refer-
ence item. For example, in the Ultraman example, the refer-
ence and target Ultraman can take completely different pos-
tures (kneeling v.s. standing).

For quantitative evaluations, based on D-Item(Text)

benchmark, we then construct the D-Item(Image) bench-
mark where each selected item is paired with two reference
items from two different reference images, resulting in 400
item-item pairs. Three metrics are considered: LPIPSt mea-
sures consistency with the original target image; LPIPSr and
CLIP-Image (CLIP-I) measure alignment with the reference
image in low- and high-level feature spaces. As shown in
Tab. 2, both D-Edit and Paint-by-Example can achieve high
fidelity to the original image, while D-Edit can also preserve
the target image better compared with Anydoors.

Mask-Based Editing and Item Removal

For mask-based editing, we explore four types of operations
on the target items, including moving, reshaping, resizing,
and refinement. As shown in Fig. 9, D-Edit can edit the
shape of the target item by simply editing the correspond-
ing mask. Because of the mask-item-prompt association, the
disentangled attention can imagine and fill the new details
in the edited regions according to the given item prompt,
therefore leading to natural editing results. We also show
the post-editing performance in Fig. 10. This can be use-
ful when initial masks from the segmentation model do not
cover the whole item, like the missing handle of the handbag
and missing straps of the backpack, which will lead to im-
perfect (image/text/mask-guided) editing results. D-Edit can
later fix these mask details and regenerate using the same
random seed, and lead to refined results.

D-Edit also enables removing items by deleting the mask-
item-prompt pairs. In Fig. 11, by deleting items from the
scene image one by one, the resulting blank region will be
re-partitioned to nearby masks and join the corresponding
item-prompt pair. D-Edit will then use such new associations
to imagine the blank regions and therefore lead to reasonable
filling results. More visual results can be found in Appendix.
To quantitatively assess the item-removed images, we con-
ducted user studies with a group of 15 annotators. They are
asked to score 30 pairs of original and item-removed images
from 1 to 5 (higher means better), based on quality (how well
the region after removal harmonized with the surrounding
scene) and fidelity (the reasonableness of the filling content).
D-Edit is compared with SDXL inpaint model by inpainting
the region where the item is removed with the surrounding
item’s caption, and results are shown in Tab. 3.
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Figure 8: Image-guided editing: Any item in the image can be replaced by another item from the same or different images.

Figure 9: Different types of mask-based editing: (a) Mov-
ing/swapping items; (b) reshaping item; (c) Resizing item.

Figure 10: Post-editing refinement can be performed when
obtaining imperfect results due to imperfect segmentation.

Ablation Study

We first study the influence of cross-attention disentangle-
ment. When the cross-attention disentanglement is not used,
the learned prompt will affect the entire image and the text-
guided editing will be equivalent to the legacy SDXL in-
painting. As shown in Fig. 12, when the target item and
background are tightly coupled (the hand holding the bag),
without disentanglement, the target prompt will take effect
based on its own textual semantics and the surrounding
item’s semantics, therefore leading to poor editing results.
This can be avoided by building disentangled item-prompt
associations. When the target item can be clearly separated
from the background as in the panda example, introducing
disentanglement can better preserve the information of the
original item, making the editing more controllable. We then
study the influence of the number of tokens used to repre-
sent each item, and as demonstrated in Tab. 4, 1-5 tokens per
item lead to good text-guided editing performance while too
many tokens will complicate the embedding training phase
and affect the results, and therefore we use 5 tokens in SDXL
to generate all results.

Quality ↑ Fidelity ↑
SDXL-inpaint 3.26 2.42
D-Edit 4.01 4.44

Table 3: Quality and fidelity of editing after removing items.

Figure 11: Removing items one by one from the image.

Figure 12: Qualitative comparison of textual-guided editing
with and without cross-attention disentanglement

tokens num. 1 2 5 10

LPIPS 0.183 0.204 0.179 0.413
CLIP-T 38.5 38.2 42.0 30.1

Table 4: Text-guided editing with different token numbers.

Conclusion
In this work, we propose D-Edit as a versatile image editing
framework based on diffusion models. D-Edit segments the
given image into multiple items, each of which is assigned a
prompt to control its representation in the prompt space. The
image-prompt cross-attention is disentangled to a group of
item-prompt interactions. Item-prompt associations are built
up by fintuning the diffusion model which learns to recon-
struct the original image using the given set of item prompts.
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