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Abstract

Recently, numerous text-guided image editing meth-
ods have emerged, utilizing the remarkable capabilities of
large-scale diffusion-based generative models. However,
a reliable and efficient evaluation protocol for comparing
these methods is lacking. To address this problem, we intro-
duce UniBench, a standardized and fully automated bench-
mark for quantitative evaluation of text-guided image edit-
ing models. UniBench features a curated dataset of images,
annotations with editable instances, candidate edit targets,
and edit prompt templates for each image. It also includes
an automated evaluation pipeline that employs pre-trained
instance segmentation models, vision-language models, and
perceptual similarity measures to score the fidelity and con-
sistency of generated images from each edit type. Using
UniBench, we benchmark two cutting-edge diffusion-based
editing methods: IMAGIC and Prompt-to-Prompt. Our re-
sults show that UniBench’s automated evaluation pipeline
correlates with the edit quality of the results and effectively
identifies the shortcomings of editing models. We believe
our benchmark may clear the way to developing reliable
text-guided image editing tools in the future.

1. Introduction

Triggered by recent development of powerful and highly
utilizable diffusion based text-to-image generation models
such as Stable-Diffusion [12], IMAGEN [13] and DALL-
E [11], research on their applications in various fields is
rapidly expanding over the last few years. One promi-
nent application of these highly acclaimed diffusion mod-
els is in text conditioned image editing technology. Various
diffusion-based image editing models [3, 5, 7] surged into
research field in the early years, but recently their develop-
ment has reached a plateau.

One of the major reasons of stagnant research pool is
lack of fine benchmarks to accurately and objectively eval-
uate these image editing models. Developing such good
benchmark for image editing models is quite challeng-
ing because there is no definitive answer for image edit-

ing tasks, and the direction of editing can vary in count-
less ways depending on the original image.Developing such
good benchmark for image editing models is extremely dif-
ficult due to ambiguity in non-existent answer in image edit-
ing tasks, and boundlessness and volatility of possible ap-
proach of editing depending on the original image.

There have been a few notable attempts in this field. Shi
et al. [15] proposed a benchmark baseline for image editing
task which provided a set of editing requests with corre-
sponding original and ground truth result image for a model
to process and evaluate itself. However, editing requests
were limited to those which clear ground truth was able to
be given such as removing an object in an image or grey
scaling an image. Kawar et al. [5] and Wang et al. [16] also
presented their own unique benchmark guideline and image
set, but its scoring method relied on human survey. Basu
et al. [1] diversified and structured edit categories (types)
and target object classes for equal assessment throughout
wide range of edit operations, but it was still in the limit of
human evaluation.

Here we present ’UniBench’, a novel benchmark
pipeline and dataset for image editing models, with diverse
range of editing operation types and target objects which
completely objective and automatic in edit task generation
and model result evaluation. In section 3, we provide de-
tailed explanation of the dataset, edit caption annotation and
evaluation model. In section 4 and 5 we give simple test ex-
periments of UniBench on some of State-of-the-Art editing
models in the field.

2. Related Works

Text-Guided Image Editing Models. Recently, text-
guided image diffusion models have shown exceptional im-
age generation capabilities, achieving state-of-the-art FID
[4] scores on benchmarks like MS-COCO. Typically pre-
trained on extensive datasets of image-text pairs such as
LAION [14] using a diffusion objective, these models have
advanced significantly. Beyond generating images, they are
now being utilized to edit real images, marking a significant
leap in their application. In this paper we evaluate some of
State-of-the-Art text-guided image editing diffusion mod-



els: IMAGIC and Prompt-to-Prompt.

Image Editing Benchmarks. So far, benchmarks such as
TedBench [5], EditBench Wang et al. [16], and EditVal
Basu et al. [1] have been introduced for text-guided image
editing, but each has its limitations. Their scoring methods
depend on human surveys. EditBench specifically evaluates
only on mask-guided image editing methods, necessitating
an additional mask along with the edit prompt. In contrast,
our proposed UniBench can be applied to any text-guided
editing method and is fully automated in both edit task gen-
eration and model evaluation.

3. UniBench

UniBench is composed of three components: editable im-
age dataset, edit caption annotations and evaluation mod-
ules. The image dataset provides set of images well-suited
to image editing tasks along with lists of instance segmen-
tation annotations of the images. Edit caption annotations
are dictionary of all possible candidate edit information and
prompts paired with each image in the dataset. Evaluation
module evaluates and scores the output of a model to be
evaluated.

3.1. The Dataset

Base Dataset. Images and annotation pairs are carefully
selected from MS-COCO [6] dataset. MS-COCO provides
image captions, pre-defined instance classes and instance
segmentation annotations which are key components of edit
command and prompt generation. Pre-annotated instance
list of each image allows easy selection of object to be
edited. Diverse pre-defined instance classes provide excel-
lent list of object classes to use as edit target objects. Im-
age captions are crucial to many image editing models, and
they are also reformed as target prompt templates in later
work. Presence of many well-performing instance segmen-
tation models trained on MS-COCO set allows convenient
construction of evaluation module.

Data Selection. We manually select total 50 images with
1. diverse, unbiased clearly distinguishable instances that
can be edited, 2. captions that include all the edit candi-
date instances and 3. high degree of freedom for any edit-
ing tasks. Images with various class instances, each unique
in kind, are preferred for diversity and minimal confusion
when locating the instance to edit(or that has been edited).
There must exist a caption that describes the instance to
edit since majority of image manipulation models are condi-
tioned with text prompt tweaked from a corresponding im-
age caption. Images with higher edit-ability, like a photo of
a book on a field, is more suitable than those with limited
edit-ability, like a photo of a book in a book shelve, since it
provides greater diversity in edit task selection.

Data Pre-processing. We crop and resize selected images
and annotations into required input size of image editing

models. Operators manually review each image, locate in-
stances within each image, square-crop and resize the im-
ages to desired size without harming any distinguish-ability
of an instance. We also process any annotations that is
required to be removed, translated, resized or cropped to-
gether with the image.

3.2. Edit Prompt Generation

Edit Task Definition. We define four types of instance
editing tasks that can be applied to general images and in-
stances. Change class task selects an instance from an orig-
inal image and replace it with different class object. Change
color task changes color of an instance without harming its
semantics and shapes. Move task shifts the position of an
instance within the original image to a location defined rel-
ative to another object instance (hereafter called an anchor).
Generate task creates an instance on a location described
based on another anchor. Examples of each task type are
shown in figure 1.

Edit Caption Annotation. Figuring out which instance in
an image is editable to what kind of target class, color or
position is ambiguous and can vary from image to image.
Thus, for each image, we first manually select and list ed-
itable instances. Then, for each instance, we annotate with
information needed for each edit task. For change class
task, we list instance classes that are physically reasonable
to replace the original object. For change color task), we
list possible colors to change to. For move task, we label a
list of objects that can be used as an anchor object together
with list of plausible relative positions from each anchors.
Lastly, for generate task, a list of instance classes to gener-
ate, list of anchors with relative positions are labeled. We
exclude class and color identical to original instance, and
we also avoid any classes that are already present in the
image for clear location of edited instance during the eval-
uation. We also provide caption templates for each ~origi-
nal instance”-"edit type” pair, where a model can insert any
class, color or position from annotated list to generate an
edit caption/prompt.

LLM Utilization and Revision. In the process of gener-
ating an edit prompt, manually creating lists of candidate
target and prompts is inefficient and time-consuming. To re-
solve the problem, we utilize Large Language Model [GPT-
40 2, 9]. We provide example image and annotation pairs as
a guideline for the GPT-4o to follow. Given a set of images
and names of instances in the images, we request GPT-40
to generate desired annotations. If generated annotations
are inappropriate, we provide additional prompting to en-
sure proper result is generated. GPT-40 occasionally gener-
ates candidate edit targets that do not belong to given object
class library. Thus, after the generation we go through final
human revision before it is used in model evaluation. We
list some examples of edit caption annotation in figure 1.



Image Original object Edit type Candidate target

Change class [“dog”, “bird”, “teddy bear”, ...]

“cat” Change color [“black”, “brown”, “white”, ...]
move
X Change class [“backpack”, “couch”, “bed”, ...]
“suitcase”
Change color [“green”, “brown”, “black”, ...]

generate [“banana”, “bird”, “book”, ...]

Candidate anchor / position Prompt templates

[“A {} sitting on a suitcase, ...]
[“A {} cat sitting on a suitcase, ...]
[“suitcase”] / [“in front of”, “next to”, “behind”, ...] [“A cat sitting {position} a {anchor}”, ...]
[“A cat sitting on a {}”, ...]

[“A cat sitting on a {} suitcase”, ...]

[“suitcase”] / [“above”, “next to”, ...] [“A cat sitting on a suitcase,

and a {target} {position} a {anchor}., ...]

Figure 1. Edit caption annotation example.

3.3. Evaluation Pipeline

We generate edit prompts with annotated edit captions, and
we process original dataset images through image manip-
ulation models with generated prompts to produce edited
output images. To evaluate the testing models, we score the
model outputs into two categories: fidelity and consistency.

Figure 2 shows detailed process of editing output eval-
uation for the results of each task type. We process out-
put images through pre-trained instance segmentation net-
work to locate edit target object and anchor objects. If any
of the object is not found within the image, locations (seg-
mentation mask and bounding box) of original objects from
original image is used instead except for cases where target
object location cannot be predicted from original object lo-
cation (e.g. locating target object from move task). We then
separate input and output images into original/target/anchor
objects and the backgrounds.

Fidelity score consists of two sub-scores: target fidelity
and position fidelity. Target fidelity score is defined as text-
to-image semantic alignment between target class and sep-
arated target object with CLIP [10] embedding similarity.
Position fidelity score is computed only for move and gen-
erate tasks and is defined as CLIP similarity between posi-
tion phrase (e.g. ’{target} in front of {anchor}’) and output
image cropped to only contain target and anchor object.

Consistency score also consists of two sub-scores: tar-
get consistency and background consistency. Target con-
sistency is computed only for change color and move tasks
where it is important to preserve the semantics and shapes
of an object. For change color results, target consistency
is calculated through (1 - LPIPS [17] perceptual similarity)
between grey scaled image of separated original and target
object. For move results, it is obtained from CLIP similarity
between original and target object. Meanwhile, background
consistency is computed as (1 - LPIPS distance) between
original and edited background images.

We average all scores among the same kind within same
edit type group to obtain mean scores for each edit type.
Then We average along task types to get total fidelity and

consistency score of the model. Every evaluation scores
range from O (bad) to 1 (good), and due to adoption of av-
erage reduction, all reduced scores also range from O (bad)
to 1 (good).

Usage of instance segmentation model allow us to au-
tomatically locate and separate edited object with provides
key foundation of benchmark automation. By specifying
detailed edit types and scoring fields, UniBench may pro-
vide detailed and precise evaluation of a model. Through
applying CLIP alignment scores only between separated
single object image and short text description, we expect it
to overcome the limitation of VLM, failing to interpret com-
plex relations between multiple objects. LPIPS perceptual
similarity is expected to provide comprehensive and seman-
tic measure of consistency of image elements that should
not be changed.

4. Experiments

IMAGIC [5] is one of SOTA diffusion based text prompt
conditioned image editing model which takes input set of
original image, target prompt and edit strength 1. Here we
compare the UniBench scores of IMAGIC output with dif-
ferent edit strength parameter. Prompt-to-prompt [3, here-
after P2P] proposed a novel image editing framework utiliz-
ing cross-attention control enabling editing of diffusion syn-
thesized image. By the help of null-text inversion technique
[8], the scope of P2P was further expanded not only for syn-
thesized images but also for any given real images. Here we
employ P2P with null-text inversion to edit UniBench im-
age sets and evaluate output results.

Throughout all 50 images of the dataset, for every ed-
itable instances in an image, one edit task/prompt per task
type were generated with randomly selected target class,
color, anchor object, position and caption template from an-
notated sets. As a result, around 4 - 10 edit tasks per image
(depending on the number of instances and possible edits)
and 238 tasks in total were generated. Edit results of each
task were drawn with both IMAGIC with 4 different 7 val-
ues (0.8, 0.9, 1.0, 1.1) and P2P with null-text inversion.



Edit Type: Change Class
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Edit Type: Move

Original: “A cat in a bow!” Edited: "A cat in a bowl with a pizza in front.”
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Figure 2. Evaluation process for each task.
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Figure 3. UniBench results of IMAGIC outputs with four different
edit strength (n = 0.8,0.9, 1.0, 1.1) and P2P with null-text inver-
sion.

5. Results

UniBench results for all the models are listed in table 1 and
plotted in figure 3. Overall, fidelity scores of all the mod-
els reside far bellow 0.3 implying failure of majority of edit
tasks. It can also be noticed in figure 4 that many results
fail to accomplish the task. Position fidelity scores tend to
be higher than the others. This may due to the anchor object
since regardless of the edit result, anchor object is likely to
present in both image and prompt raising the CLIP similar-
ity score. IMAGIC has failed to generate detectable target
object in generate task showing zero fidelity score which
is given when detection model cannot find the target object
(also shown in figure 4). P2P with null-text inversion also
shows near zero result for generate task. Within IMAGIC
models, n = 1.1 case shows highest fidelity score which
sounds reasonable recalling that 7 is edit strength parame-
ter. However, deviations between models are too small to
tell statistical significance.

Consistency scores tend to be higher relative to fidelity
scores. The result well agrees with edit examples shown in 4



IMAGIC
Input n=0.8

Change Class
(Teddy bear - Cellphone)

Move
(Giraffe > White Giraffe)

Move
(Person [on = in front of] elephant)

Generate
(Generate pizza in front of the cat)

IMAGIC
n=09

IMAGIC
n=1.0

IMAGIC P2P
n=11 + Null-Txt Inv

Figure 4. One random sampled example input/output image pair per task type generated by IMAGIC with four different edit strength

(n =0.8,0.9,1.0,1.1) and P2P with null-text inversion.

where we can see great consistencies between original and
edited image. Within IMAGIC models, consistency score
decreases as 7 increases which can be predicted from both
meaning of 7 and results in 4. The potential of Unibench as
elaborate evaluation framework can be found from its suc-
cessful performance distinguishment of IMAGIC models.
Except for move task scores, all evaluated scores of P2P
exceed those of IMAGIC models. This discernment of
UniBench may enable objective comparison between many
text-conditioned image editing frameworks.

6. Conclusion & Discussion

An image-annotation pair set containing set of images suit-
able for editing tasks along with their instance segmenta-
tion annotations were carefully sampled from MS-COCO
dataset. For each image, possible editing tasks with cor-
responding text prompt templates were generated through
LLM and were revised by human annotators. With created
image-annotation set we were able to successfully gener-
ate sample edit tasks and guide prompts. Created tasks
were carried out with image editing models that are to be
evaluated (IMAGIC with several edit strength and Prompt-
to-prompt with Null-text inversion). Finally, model results
were scored with our UniBench evaluation pipeline with-
out any difficulties. Quantitative measures by Unibench re-
vealed yet insufficient performance of image editing models
and were able to give delicate comparison between different
models.

From the experiment results in section 5, we can seek
the potential of UniBench as a novel benchmark of im-
age manipulation models which can quantitatively evalu-
ate a model in various specific categories and task types
together with overall performance without any human eval-
uation. With reliable evaluation metric for image editing
frameworks, which has been absent until today, truly mean-
ingful development of image manipulation models will fi-
nally be possible.

Due to lack of computation resources and time, we
were only able to run limited number of editing operations.
The reliability of the evaluation need to be improved with
greater number of edit results per model. Furthermore,
number of independent trials need to be taken an the av-
erage and variations of the results need to be taken to pro-
vide stable result along with its errors which is crucial for
statistical analysis. We still lack in diversity of edit task
types, and we leave it as a future objective. We adopted sim-
ple average reduction of evaluated scores; however, careful
and logical scaling and weighing between evaluation cri-
teria needs to be done. Finally, the result set size is still
absurdly too small to implement any generation quality as-
sessment like FID. Overall, it is necessary to enlarge the
scale of Unibench pipeline.
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