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Abstract

Modern Text-to-Image (T21) Diffusion models have revo-
lutionized image editing by enabling the generation of high-
quality photorealistic images. While the de-facto method
for performing edits with T21 models is through text instruc-
tions, this approach is non-trivial due to the complex many-
to-many mapping between natural language and images. In
this work, we address exemplar-based image editing — the
task of transferring an edit from an exemplar pair to a con-
tent image(s). We propose REEDIT, a modular and efficient
end-to-end framework that captures edits in both text and
image modalities while ensuring the fidelity of the edited
image. We validate the effectiveness of REEDIT through ex-
tensive comparisons with state-of-the-art baselines and sen-
sitivity analyses of key design choices. Our results demon-
strate that REEDIT consistently outperforms contemporary
approaches both qualitatively and quantitatively. Addition-
ally, REEDIT boasts high practical applicability, as it does
not require any task-specific optimization and is 4x faster
than the existing state-of-the-art. The code and data for our
work is available at https://reedit-diffusion.github.io/.

1. Introduction

Image editing [1, 11,21,30,35] is a rapidly growing re-
search area, with a wide range of practical applicability in
domains like multimedia, cinema, advertising, etc. Recent
advancements in text-based diffusion models [17,35,37,43]
have accelerated the progress in the field of image editing,
yet diffusion models remain limited in their practical via-
bility to real world applications. For example, if a prac-
titioner is making detailed edits—such as transforming a
scene from daytime to nighttime—and wants to apply the
same adjustments to multiple images, they would face a
considerable challenge, since crafting each image individ-
ually can be time consuming. In such cases, simple textual
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prompts might not be sufficient to achieve the desired con-
sistency and efficiency.

Notably, an ideal editing application should be fast, have
the ability to understand the exact user intent and pro-
duce high fidelity outputs. Most existing work in this do-
main leverages textual descriptions to perform image edit-
ing [4,14,19,22,23,33,36,49], however, text is inherently
limited in its ability to adequately describe edits. These
challenges motivate us to focus on a relatively unexplored
field of exemplar based image editing. This formulation is
motivated by ‘visual prompting’ proposed by Bar et al. [3].

Existing works in this area typically optimize a text em-
bedding during inference to capture each edit [20,34] which
is time taking. Other methods like [15,48] utilize sophisti-
cated models trained specifically for the task of editing like
InstructPix2Pix [4] (IP2P), which requires a large labelled
training dataset. These datasets can be extremely difficult
to obtain due to the nature of the problem. Further, recent
approaches like VISII [34] can only capture a limited type
of edits (performs well only for global style transfer type
edits) as a result of the way its text embedding is optimized.

Unlike existing approaches, we propose an efficient end-
to-end optimization-free framework for exemplar based
image editing - REEDIT. The proposed framework con-
sists of three primarily components - first we capture the
edit from the exemplar in the image embedding space us-
ing pretrained adapter modules [4 1], second, we capture the
edit in natural language by incorporating multimodal VLMs
like [28] capable of detailed reasoning, and last we ensure
that the content and structure of the test image is maintained
and only the relevant parts are edited by conditioning the
image generator on the features and self attention maps [49]
of the test image. To summarize, the contributions of our
work are listed below:

1. We propose REEDIT, an inference-time approach for
exemplar-based image editing that does not require
any model fine-tuning or inference time optimization.
Compared to the existing state-of-the-art, the runtime
of method is ~4x faster, and is independent of the base
diffusion model.
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2. We collate a dataset of 1500 exemplar pairs (z, Zegit),
and corresponding test images with ground truth
(Y, Yedit)> covering a wide range of edits. Due to a lack
of standardized datasets, our dataset paves towards a
standardized evaluation of exemplar-based image edit-
ing approaches.

3. Our rigorous qualitative and quantitative analysis
shows that our method performs well on a variety of
edits while preserving the structure of the original im-
age. These observations are corroborated by signif-
icant improvements in quantitative scores over base-
lines.

2. Related Work

Diffusion Models. Prior to diffusion models, GANs [13,

,63] were the de-facto generative models used for (con-
ditional) image synthesis and editing. However, training
GAN networks is prone to instability and mode collapse,
among many issues. Recently, large-scale text-to-image
generative models [8,9,39-41,43, 58] have benefitted from
superior model architectures [50] and large-scale training
data available on the internet. Of particular interest is dif-
fusion models [17,35,37,40,41,43,46], that are trained to
denoise random gaussian noise resulting in high-fidelity and
highly diverse images. These models are typically trained
on millions of text-image pairs. In this work, we use a pre-
trained Stable Diffusion [41] model which operates in the
latent space instead of the image pixel space.

Multimodal Vision-Language Models (VLMs). Multi-
modal VLMs [25, 2729, 38, 45] have the remarkable ca-
pability to understand and process both texts and images.
Two particularly useful works fall in the scope of this paper:
CLIP [38] and LLaVA [27-29]. CLIP represents both im-
ages and texts in a shared embedding space. It was trained
on 400M image-text pairs in a contrastive manner — max-
imizing the similarity between related image-text embed-
dings, while minimizing the similarity between unrelated
image-text embeddings. LLaVA combines a visual encoder
with Vicuna [5] to provide powerful language and visual
comprehension capabilities. It has impressive capacity to
follow user instructions based on visual cues.

Text-based Image Editing. Diffusion models, with their
impressive generative capabilites, have also been adapted
for image editing [7, 10, 19,23,24,33,36,42,49,56,60,62].
Multimodal models like CLIP [38], and cross-attention
mechanisms [50] have enabled conditioning a diffusion
model to directly edit an image with a text input [2, 35].
SDEdit [32] takes an image as input along with a user guide,
and subsequently denoises it using SDE prior to increase
its realism. Other related works [6, 47] guide the gener-
ative process conditioned on some user input, for e.g., a
reference image. Imagic [22] finetunes a diffusion model

on a single image to perform image editing. Prompt-to-
prompt [14] attempts to edit an image while preserving its
structure by modifying the attention maps in a pretrained
diffusion model. Similarly, pix2pix-zero [36] preserves the
content and structure of the original image while editing via
cross-attention guidance. Instruct-pix2pix [4] first collected
a huge dataset of (image, edit text, edited image) triplets,
and trained a diffusion model to follow edit instructions pro-
vided by a user. Plug-and-Play [49] aims to preserve the
semantic layout of an image during an edit by manipulat-
ing spatial features and self-attention in a pretrained text-
to-image diffusion model. Although these approaches pro-
duce plausible edits to an image, there still exist limitations
where either the edit instruction/text is completely ignored,
or the structure of the original image is drastically modified.
Additionally, our work differs from this line of work since
we get rid of text-based instructions altogether.

Exemplar-based Image Editing. In the field of Com-
puter Vision, ‘visual prompting’ was first proposed by [3].
Later works [51, 52] built a generalist model based on
visual in-context learning to solve multiple vision tasks,
including segmentation. Exemplar-based editing meth-
ods [15,20,34,48,54] are an extension of “visual prompt-
ing”, where the focus is to edit an image conditioned on a
visual input, called exemplar. This can include insertion of
the exemplar object in a given image to produce a photo-
realistic output as in Paint-by-Example [54], or transfer of
overall style from an exemplar image to a given image [20].
The concept of image analogies was proposed in [15] and
later used in [26] for visual attribute transfer from one im-
age to another, for e.g., color, tone, texture, style. It has
also been extended for example-based editing using diffu-
sion models [48]. The present work is closest to VISII [34]
and ImageBrush [55] — both explore the idea of using an ex-
emplar pair as visual instruction for image editing. Unlike
our work, VISII [34] relies on optimization-based inversion
to capture the edit in CLIP [38] text space, while Image-
Brush [55] benefits from training a diffusion model on the
revised conditional inpainting task. At the same time, our
proposed approach achieves superior edit quality without
the need for any optimization or additional training.

3. Methodology

In this section, we first introduce some preliminaries
and describe the notation. We then introduce our proposed
framework, REEDIT that comprises two key steps: (a) cap-
turing the edit (¢g) from the given pair of exemplars in both
text and image space, followed by (b) conditioning the dif-
fusion model (M) to apply this edit on a test image (y) with-
out any optimization. The overview of our framework is
illustrated in Fig. 1.

Problem Setting and Notation. Given a pair of exemplar
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Figure 1. Overview of our framework REEDIT. REEDIT identifies the required edit information from a pair of exemplar images (x, Zedi)
in both text and image spaces, and uses a diffusion model to apply this edit on a new target image y. For additional details are provided in

Section 3 and Appendix A.1. Best viewed in color.

images (x, Zegit), Where = denotes the original image, and
Zeqit denotes the edited image respectively. Our objective is
to capture the edit (say g, such that z.q; = g()), and apply
the same edit (g) on a test image y to obtain the correspond-
ing edited image Jeqi- Let M (6) denote a pre-trained dif-
fusion model (here, SD1.5 [41]) parameterized by 6, where
0 remains frozen. And let &y, and &y denote pre-trained
CLIP image and text encoders respectively.

Background. Recent work [57] proposes to utilize sim-
ple adapter modules to generate high quality images with
images as prompts. Unlike typical T2I models whose
cross attention parameters are only conditioned on text-
embeddings, IP-Adapter [57] adds newly initialized linear
and cross attention layers and finetunes these additional pa-
rameters (~22M), which directly allow the introduction of
image embeddings to pretrained T2I models. As motivated
in Sec 1, text alone often falls short in capturing the edit
from exemplar pairs, so we propose a strategy that enables
us to capture the edits from the exemplar pairs both in the
image space (using simple adapters) and in the text space.

3.1. Capturing Edits from exemplars

We posit that textual descriptions are necessary but not
sufficient to generate g from (z, Tegit, y). Consequently,
we capture edits in both fext and image space.

Edits in natural language. Firstly, we leverage a multi-
modal VLM (LLaVA [27-29]) to verbalize the edits in the

exemplar pair (x, Teqir). We pass these images as a grid,
along with a detailed prompt p; that instructs LLaVA to
generate a complete description of the edits, denoted by
Gext- Additionally, to provide the context of the test im-
age y, we curate another prompt p, instructing LLaVA to
describe geqir in text after applying the edit giexe On y. As
a result, we obtain a final text description of geg;;, denoted
by Geaption- To reduce verbosity and token length, we limit
Jeaption t0 40 words. Refer to Appendix A.1 for the exact
prompts p; and po, and an overview of the caption genera-
tion process.

Edits in image space. Natural language cannot capture
the specific style, intensity, hue, saturation, exact shapes,
or other nuances in the image. Therefore, we also capture
the edits from (z, xeqi) and the original image (y) directly
in the CLIP embedding space. Specifically, we apply a pre-
trained linear layer and layer norm [57] on the embeddings
of x, Teqir to make the embeddings compatible with M. The
edit is captured as follows - Ay, g = A H(@eqit) — H(x)) +
(1 — M) H(y); where H(xz) = LN(Lin(&img(2))) and LN,
Lin are the layer norm and linear projection operators re-
spectively. The edit weight slider is denoted by A, that
weighs the contributions of the edit and the target image
while generating the final result yeq;. Our final edit embed-
ding is hence given by the pair g := (Aimg; Etext(Geaption))-
Both the image and text conditioning in g work in tandem
to provide nuanced guidance for precise edits. As shown

931



in Fig 1, the edit embeddings in g are processed by their
respective decoupled cross attention parameters and propa-
gated through M to generate the final image.

3.2. Conditioning Stable Diffusion on (g, y)

A crucial requirement of image editing approaches is
that they preserve the content and structure of the original
image in the edited output. Thus, we aim to condition M
on g such that only the relevant parts of y are edited, while
the rest of the image remains intact. To achieve this, we in-
troduce the approach of attention and feature injection mo-
tivated by [49]. Specifically, we invert y using DDIM inver-
sion [46], and run vanilla, unconditioned denoising on the
inverted noise (Ynoise). During this process, the intermedi-
ate features (f) and attention matrices ((Q, K) are extracted
from the up-sampling blocks, and these features contain the
overall structure information for y [49]. Finally, to generate
the final edited image, we start with 9/.ise, and condition the
denoising process on the edit g (through cross-attention), in-
ject the features (f) at the fourth layer, and modify the keys
and queries (@, K) in the self-attention layers from layers 4
to 11 of M to obtain fej.

4. Dataset Creation

Our method is an inference-time approach, and is di-
rectly applicable to an arbitrary set of (z,Zeg,y) im-

Type of Edit Number of Examples
Global Style Transfer 428
Background Change 212
Localized Style Transfer 290
Object Replacement 366

Motion Edit 14

Object Insertion 164
Total 1474

Table 1. Summary and statistics of the types of edits in the eval-
uation dataset. Special care was taken to ensure diversity of edit
categories.

“Add a dragon”

“Turn it into a shopping mall”

Figure 2. Examples of ambiguous samples in the InstructPix2Pix
dataset, motivating the need for manual curation. Additional ex-
amples can be found in Appendix A.4

ages. However, there are no existing evaluation datasets
for exemplar-based image editing in the current literature.
Hence, we curate a dataset from the existing image editing
dataset. Specifically, the exemplar pairs are taken from the
InstructPix2Pix dataset. This is a dataset for text-based im-
age editing, containing 450, 000 (x, Tedit, Gedit), Where Tegir
is the image obtained after applying the edit instruction gegjt
on input image x. This dataset was generated by applying
Prompt-to-Prompt [14] on a Stable Diffusion model. We
found two common issues with this dataset - i) the edit pair
(2, Teqyr did not adhere to the edit instruction gegi;, and ii)
The edit instruction geq;; did not apply to the input image x.
Refer to Fig. 2 for examples of these failure cases. As a re-
sult, we carefully curate a dataset of (x, Tedir, ¥, Yedir) Where
z, 9, and the corresponding edited images are taken from
IP2P samples with the same edit instruction gegi;. Through
visual inspection, we manually ensure that the two afore-
mentioned issues do not creep into our dataset, resulting in a
high-quality dataset of ~ 1500 samples, across a diverse set
of edit types. We provide the exact statistics of our dataset,
including the different types of edits in Table 1

5. Experiments and Results

In this section, we first provide a detailed description
of the implementation which includes the hyperparameter
choices of both REEDIT and baselines. Next, equipped
with our curated dataset, we evaluate the performance of
REEDIT. The key feature of our dataset is the presence of
a ground truth edited image, denoted by ¥eqir Which enables
us to use several standard image quality evaluation metrics.
As a result, we compute five quantitative metrics across the
full dataset. measuring structural and perceptual similarity
between (Jedit, Yeait) (LPIPS [61], SSIM [53]), faithfulness
of the edit with the exemplar pair (CLIP score [16], Dir.
Similarity [12], and S-Visual [34]). For each method in the
comparison, the quantitative scores are reported by select-
ing the hyperparameter which yields the best average per-
formance across all metrics. However, different edit types
may require different hyperparamters to yield the best qual-
ity results, so in our qualitative analysis we choose the best
per-sample hyperparameter for each method.

We present our quantitative results in Table 2, show sev-
eral qualitative examples in Fig 3, and show the running
times of all the methods in Table 3. Further, we also illus-
trate additional qualitative examples in Appendix A.3. A
detailed discussion of our results can be found in Sec. 5.2.
Appendix A.2 includes further details on the usage and im-
plementation of the various metrics.

5.1. Implementation details

We carry out an extensive comparison of our framework
REEDIT with existing approaches. The main work we com-
pare against is VISII [34], another inference-time exemplar
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Style Transfer

(a) x (b) Tegit ©y (d) REEDIT (e) VISII (f) VISII w/ Text  (g) IP2P w/ Text

B

Background Editing

Figure 3. Qualitative comparison of our framework REEDIT with strong baselines (VISII, InstructPix2Pix) for exemplar-based image
editing. REEDIT consistently produces images with higher edit accuracy and better consistency in non-edited regions compared to the
baselines. Zoom in for better view. Additional results presented in Appendix A.3
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based editing method. To ensure a fair comparison, we fur-
ther augment VISII with LLaVA generated instructions as
an additional baseline. Finally, we also compare against a
text-based editing approach - InstructPix2Pix, once again
using the LLaVA generated edit instruction as input. All
baselines are evaluated on a single A100 GPU with 80GB
memory, and all images are resized to 512 x 512 pixels. We
now further describe the exact setup and hyperparameters
for REEDIT and the various baselines when generating re-
sults for qualitative and quantitative analysis. We employ
LLaVA-1.6 [28] for obtaining automated captions and edit
instructions in all methods.

REEDIT. We use SD1.5 with IP-Adapter [57] as the base
model. To compute the image prompt embedding CLIP
ViT-L/14 is used, which is then pooled to 4 tokens. 3 im-
ages T, Teq;+ and y are used to generate the image prompt
embedding Ajn,, and the previously describe pipeline to
generate the text caption using LLaVA. The input to a stan-
dard text-to-image diffusion model (here, Stable Diffusion
v1.5) is typically a sequence of 77 tokens (sequence length
of CLIP text encoder), which after adding the image prompt
becomes 81 tokens. The last 4 tokens are are separately pro-
cessed in [P-Adapter’s cross attention modules.

We perform DDIM inversion of the test image y for 1000
steps to generate Ynoise fOr feature and self attention guid-
ance. The features and self-attention (f, @, K) from the
vanilla denoising of yyois are injected at each of the 4 —11%"
layers of the upsampling blocks respectively. An important
parameter is the classifier free guidance (CFG [18]) weight.
We fix the CFG to 10 across all experiemtns, and only vary
the edit weight (\) in our experiments as the sole hyperpa-
rameter in REEDIT.

a. VISIL. [34] optimizes an edit instruction cr in the latent
space of the CLIP text encoder of InstructPix2Pix to learn
the edit from the exemplar pair (2, Zegi. This learnt instruc-
tion cr is used as input along with the test image y to obtain
the desired edit. We adopt their original setup, and optimize
for T' = 1000 steps using AdamW [31] with learning rate
le-4, and the respective weights for the loss term in VISII
as A\pse = 4 and Agjp = 0.1. Following the original setup,
for each inference, we perform 8 independent optimizations
with different random seeds, and choose the ¢r that mini-
mizes the overall loss. We experiment with multiple values
for text guidance from 8,10, 12 and use the default image
guidance of 1.5 as the hyperparameters.

b. VISII with text. We introduce an important augmen-
tation to VISII, concatenating an additional textual instruc-
tion as suggested in the original work. This helps guide the
model using both natural language and image differences.
We generate the edit text similar to the approach in Sec. 3.
First, we pass a grid of exemplar pairs (z, Z.qi¢) and a de-
tailed prompt pl to LLaVA to generate a detailed edit text
Jedie- Next, instead of generating geaption from (Gedic, ¥, p2)

we instead instruct LLaVA to generate a short summary of
the edit instruction (Say Gedit-inst) USING Gedit, Y, pS Where p3
is a simple modification of p2 instructing LLaVA to gen-
erate an edit instruction for InstructPix2Pix. Refer to Ap-
pendix A.1 for all prompts. The hyperparameters and opti-
mization are the exact same as used for VISIL

c. InstructPix2Pix. @ We directly use a supervised
pre-trained text-based image editing model, Instruct-
Pix2Pix [4]. Thought InstructPix2Pix was intended to be
used with custom text instructions, the goal in this setting is
to transfer edits without explicit supervision. Hence, we uti-
lize LLaVA edit instructions gegit.inst 5 described in b. VISII
with text. We experiment over the same set of hyperparam-
eter values as the previous two baselines.

5.2. Discussion of Results

We report the results with the best hyperparameter val-
ues for each baseline, as shown in Table 2. REEDIT out-
performs strong baselines in SSIM, LIPIS, Dir. Similarity,
and S-Visual, and is competitive in CLIP Score. VISII opti-
mizes the latent instruction ¢ with eight random seeds per
sample, and selects the ¢ that minimizes the loss term. In
contrast, REEDIT does not use repeated generations but still
performs well on average, highlighting its computational ef-
ficiency, which is crucial for practical editing applications.
These findings are further supported by qualitative exam-
ples in Fig. 3, where REEDIT demonstrates superior perfor-
mance across various edit types. Next, we discuss our key
observations and results from Fig 3.

Style Transfer. In Rows 1-2, REEDIT successfully cap-
tures the stylistic edit from the exemplar pair and applies it
to the target image, while completely maintaining the origi-
nal structure. In both cases, VISII captures the desired style
from the exemplar pair, but is unable to maintain the struc-
ture of the y image while applying the edit. InstructPix2Pix
on the other hand does not sufficiently capture the stylis-
tic information, showing the inability of text alone to suffi-
ciently capture the edit.

Subject/Background Editing. These edits require addition
or replacement in the subject or background of the image,
while leaving other elements unchanged. REEDIT is able to
capture and apply these edits while causing less visual dis-
ruption compared to the baselines. In Row 5, only REEDIT
is successful at changing the background to an ocean while
keeping the horses intact. REEDIT is able to add the subtle
raindrops from the exemplar pair in Row 6. Further, only
REEDIT is able to capture all aspects of the desired edit in
Row 4, while other baselines only edit the hat, and not the
man’s shirt.

Localized Editing. Rows 7-8 show the ability of REEDIT
to capture and apply fine-grained edits, such as changing
the woman’s dress to a suit, or altering her appearance with-
out changing the dressing, while keeping all other elements
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Metric IP2P w/ LLaVA edit text [4]  VISII w/ LLaVA edittext VISII[34] REEDIT (Ours)
LPIPS [61] (1) 0.33 0.27 0.29 0.26
SSIM [53] (1) 0.46 0.51 0.48 0.51
CLIP Score [16] (1) 29.77 31.62 31.75 31.38
Dir. Similarity 0.03 0.04 0.04 0.05
S-Visual [34] (1) 0.22 0.32 0.39 0.39

Table 2. Quantitative comparison of our framework REEDIT against strong baselines — VISII (and its modifications), and Instruct-pix2pix
(IP2P). Reported are the mean of of five different metrics on our dataset. (best scores in bold; second best underlined)

Method Average Inference Time (s)
REEDIT 120s
VISII 540s
VISII w/ Text 550s
1P2P w/ Text 40s

Table 3. Average running time for different methods. Includes all
steps in the respective pipelines. REEDIT is more than ~4 times
faster than the most performant baseline - VISII w/ Text. As shown
in Sec. 5, IP2P w/text is not performant in this setting.

largely intact. Here, VISII, and VISII w/ Text introduce
noise and artifacts into the test image, while InstructPix2Pix
is unable to maintain the background. In Row 8, the subtle
change to a wooden structure is perfectly captured and ap-
plied to only the required regions by REEDIT, while other
methods completely fail. Additional qualitative results are
presented in Appendix A.3.

6. Ablation Analysis

This section comprises of detailed experiments and ab-
lations of our framework, REEDIT. We ablate on the key
aspects in our approach - a. LLaVa Text (gcaption), b-
Guidance (f,Q, K injection), and ¢. Clip Difference
(Aimg). The results are presented in Fig. 4. Additionally,
we show the effect of varying our the edit weight (\) in
Fig. 5. We discuss both sets of results in detail below
Impact of LLaVA Text (geaption). Our approach leverages
both image and text guidance to sufficiently capture all as-
pects of the edit from the exemplar pair (x, Zeqi). There is
a synergestic relation between both guidances, filling in the
gaps left by the other. This is clearly seen in Row 2, where
removing small details like the flowers atop the cactii are
missed in the absence of geaption, and in Row 4, where the
LLaVA edit text instructs REEDIT to include the sharp teeth
of the shark, a subtle cue not captured in its absence.
Impact of Guidance (f, @), K). Although Ay, and DDIM
inversion both provide cues to maintain the structure of the
original image, this is enforced much more robustly through
feature injection and self attention injection. In the absense
of this component, the edited images fail to maintain the

structure from the original image, even though stylistic cues
are well captured. This is evident from Row 3, where the
person is no longer the same, and Rows 4-8, where the
structure of the object has been completely destroyed.
Impact of Image Clip Difference (Ajy). This key com-
ponent of REEDIT captures all types of nuanced details
about the edit from the exemplar pair (z, Zegit). As we posit
in Sec. 3, certain aspects cannot be sufficiently explained
through text, which is where this component because in-
creasingly important. The effect is clearly visible across
multiple examples. In Row 1, removing Aimg causes the
edited image to miss the required style, and instead simply
mimics a generic “caricature’. In Row 2, it is key in captur-
ing the exact required style. The subtle change to a wooden
structure in Row 6 is also perfectly capture only in the pres-
ence of Ajy,. Itis easy for the LLaVA generated edit text to
miss this detail, while it is easily picked up when analyzing
the edit in the latent image space.

Impact of edit weight ()\). The only hyperparameter while
performing inference time edits using REEDIT is A, the edit
weight. This acts as a mixing ratio, weighing the contribu-
tions of the exemplar pair (z, Zeqi) and input image y when
generating the final output. The effect of this is portrayed
in Fig. 5. As we vary the value of \, we observe a smooth
increase in the infuence of the desired edit on the target im-
age. This is a convenient way for a practitioner to exercise
control over the editing process. In practice, we find that
a value of 0.65 works best across varied types of edits, and
this is also the value that yields the best quantitative results.

7. Conclusion

In this paper, we introduce REEDIT, an efficient,
optimization-free framework for exemplar-based image
editing. We motivate that precise edits cannot be captured
by textual modality alone, and propose a novel strategy that
leverages the reasoning capabilities of VLMs, and edits in
image space to capture the desired user intent using exem-
plar pairs. Our results demonstrate REEDIT’s practical ap-
plicability because of its speed and ease of use compared
to strong baselines. Our results also position our method as
the state of the art both quantitatively and qualitatively. We
hope our findings motivate further research in this area.
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() (b) Tedit ©y (d) REEDIT © —f,Q K () —Ycaption (2) _Aimg

Figure 4. Qualitative results of REEDIT with and without its key components. Clearly, REEDIT outperforms all other variations in terms of
adhering faithfully to the edit illustrated in the exemplar without distorting the test image unnecessarily. Use high levels of magnifications
to observe subtle edits.

(a) x (b) Tegi

HX=0.7

©y dAr=0 eXx=0.6

Figure 5. Depiction of the effect of edit weight A on the edited image. higher values correspond to higher influence from the desired edit.
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