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b) Have there be a birthday cake on the table.

c) Turn the mountain into a volcano.

Figure 1. Unsupervised InstructPix2Pix. Our approach applies
UIP2P surpasses the supervised alternative, IP2P, trained on a sy
and synthetic (c, d) images.

Abstract

We propose an unsupervised instruction-based image edit-
ing approach that removes the need for ground-truth edited
images during training. Existing methods rely on su-
pervised learning with triplets of input images, ground-
truth edited images, and edit instructions. These triplets
are typically generated either by existing editing meth-
ods—introducing biases—or through human annotations,
which are costly and limit generalization. Our approach
addresses these challenges by introducing a novel edit-
ing mechanism called Edit Reversibility Constraint (ERC),
which applies forward and reverse edits in one training
step and enforces alignment in image, text, and attention
spaces. This allows us to bypass the need for ground-
truth edited images and unlock training for the first time
on datasets comprising either real image-caption pairs or
image-caption-instruction triplets. We empirically show
that our approach performs better across a broader range

d) Change the eagle color to purple.

more precise and coherent edits while better preserving scene structure.
nthetic dataset, demonstrating superior performance on both real (a, b)

of edits with high-fidelity and precision. By eliminating the
need for pre-existing datasets of triplets, reducing biases
associated with current methods, and proposing ERC, our
work represents a significant advancement in unblocking
scaling of instruction-based image editing.

1. Introduction

Diffusion models (DMs) have recently made significant ad-
vancements in generating high-quality and diverse images,
driven largely by breakthroughs in text-to-image genera-
tion [17, 33, 34, 36]. This progress has enabled various
techniques for tasks such as personalized image genera-
tion [11, 35, 46], context-aware inpainting [24, 27, 50], and
image editing based on textual prompts [2, 8, 15, 21, 25].
Beyond prompt-based editing, DMs have demonstrated
strong capabilities in instruction-based editing, where ed-
its are guided by explicit natural language commands, such
as instructions [5, 10, 18, 19, 51, 52].
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d) Change the hair color to vivid purple.

e) Remove the gazelle's head and neck.

f) Change the time of day to dusk

Figure 2. Supervision Biases in InstructPix2Pix and HQ-Edit datasets. Each example shows an input image and its corresponding
ground-truth edited image for the given edit instruction. InstructPix2Pix employs Prompt-to-Prompt, while HQ-Edit uses DALL-E 3 and
GPT-4V. (a & d) Attribute-entangled edits: Modifying a specific feature, such as clothing or hair color, unintentionally alters surrounding
textures or elements. (b & e) Scene-entangled edits: Transforming objects, like turning a cottage into a castle or removing an element,
affects unintended parts of the scene. (¢ & f) Global changes: Edits like converting an image to black and white or changing the time of
day introduce widespread scene modifications, often compromising visual preservation.

However, existing methods predominantly rely on super-
vised learning with ground-truth edited images, i.e., requir-
ing datasets of triplets containing input images, edited im-
ages, and edit instructions [5, 10, 19, 51, 52]. These datasets
are often generated using existing editing methods, such as
Prompt-to-Prompt [15], or more recently, advanced diffu-
sion and multimodal models like DALL-E 3 [3] and GPT-
4V [1], as in the HQ-Edit dataset [19]. While automated
approaches enable scalable dataset creation, they introduce
biases (see Fig. 2), including (a & d) attribute-entangled ed-
its that unintentionally alter surrounding elements, (b & e)
scene-entangled edits, and (¢ & f) global changes that sig-
nificantly modify the entire scene. Conversely, while valu-
able, human-annotated data [51] is impractical for large-
scale training due to the high cost and effort involved. Re-
liance on automated or human-generated ground-truth edits
limits the diversity of achievable modifications, constrain-
ing the development of models capable of accurately under-
standing and executing user instructions.

We present UIP2P, an unsupervised training for
instruction-based image editing that eliminates the reliance
on triplet datasets, whether generated or human-annotated,
by introducing the Edit Reversibility Constraint (ERC)—a
constraint enforced while training through forward and re-
verse edits. Instead of relying on explicitly supervised
edited images, we ensure that modifications remain pre-
cise and follow the given instructions by leveraging CLIP’s
ability to align text and images in a shared embedding
space [32]. Additionally, we explicitly enforce alignment
between forward and reverse edits in both the image and

attention spaces, enabling UIP2P to accurately interpret
and localize user instructions while ensuring edits remain
coherent and reflect the intended changes. ERC allows
UIP2P to preserve the integrity of the original content
while making precise adjustments, further enhancing the
reliability of the edits. Some previous methods have en-
forced cycle consistency within predefined domain trans-
formations [22, 41, 47, 49, 55]. In contrast, our con-
straint applies to any arbitrary pair of forward and reverse
edits within a single training step, leveraging the expres-
sive power of modern diffusion models to ensure flexibil-
ity across diverse editing tasks. By eliminating the depen-
dence on pre-existing datasets, our approach enables train-
ing on large-scale real-image datasets—a capability previ-
ously constrained by the limitations of existing methods and
the high cost of human labeling. As a result, UIP2P sig-
nificantly expands the scope and scalability of instruction-
based image editing compared to prior approaches. Our key
contributions are as follows:

* We propose UIP2P, an unsupervised training approach
for instruction-based image editing that eliminates the
need for ground-truth edited images. By doing so, UIP2P
offers a more scalable solution while reducing the biases
inherent in alternative supervised methods.

* We introduce the Edit Reversibility Constraint (ERC), a
novel mechanism that ensures edits remain stable when
applying both forward and reverse edits, preserving struc-
tural integrity in the image, text and attention space.
This enables precise, high-fidelity modifications that ac-
curately reflect user instructions.
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e Our approach demonstrates scalability and versatility
across various real-image datasets, allowing a broad
range of edits without relying on pre-existing datasets,
significantly expanding the capabilities of instruction-
based image editing.

2. Related Work

CLIP-Based Image Manipulation. StyleCLIP [29] com-
bines StyleGAN and CLIP for text-driven image manipula-
tion, requiring optimization for each specific edit. Similarly,
StyleGAN-NADA [12] enables zero-shot domain adapta-
tion by using CLIP guidance to modify generative models.
While these approaches allow for flexible edits, they often
rely on domain-specific models or optimization processes
for each new task. These works illustrate the potential of
CLIP’s powerful semantic alignment for image manipula-
tion, which motivates the use of CLIP in other generative
frameworks, such as diffusion models.

Text-based Image Editing with Diffusion Models. One
common approach in image editing is to use pre-trained dif-
fusion models by first inverting the input image into the la-
tent space and then applying edits through text prompts [8,
15, 20, 25, 26, 28, 44, 45, 48]. For example, Directln-
version [20] edits the image after inversion using Prompt-
to-Prompt [15], but the inversion step can lead to losing
essential details from the original image. Additionally,
methods like DiffusionCLIP [22], CycleDiffusion [47], Cy-
cleNet [49], and DualDiffusion [41] explore domain-to-
domain translation as a way to propose image editing, by
using textual prompt or without any conditions. However,
their focus on translating between two fixed domains makes
it difficult to handle complex edits, such as the insertion or
deletion of objects. In contrast, our approach is designed
for general-purpose instruction-based image editing with-
out being restricted to domain translation, enabling greater
flexibility in handling a broader range of modifications.

Instruction-based Image Editing with Diffusion Models.
Another line of methods for image editing involves train-
ing models on datasets containing triplets of input image,
edit instruction, and edited image [5, 19, 51, 52]. These
methods, since they directly take the input image as a condi-
tion, do not require an inversion step. InstructDiffusion [13]
builds on InstructPix2Pix by handling a wider range of vi-
sion tasks but has difficulty with more advanced reason-
ing. MGIE [10] improves on this by using large multi-
modal language models to generate more precise instruc-
tions. SmartEdit [18] goes a step further by introducing
a Bidirectional Interaction Module that better connects the
image and text features, improving its performance in chal-
lenging editing scenarios. UltraEdit [53] scales instruction-
based editing to larger datasets and models, demonstrating
improved performance on fine-grained editing tasks.

A major challenge in instruction-based image editing
is the need for large-scale, high-quality triplet datasets.
InstructPix2Pix [5] partially addresses this by generat-
ing extensive datasets using GPT-3 [6] and Prompt-to-
Prompt [15]. However, while this mitigates data scarcity, it
introduces issues like model biases from Prompt-to-Prompt.
MagicBrush [51] tackles the quality aspect with human-
annotated datasets, but this approach is small-scale, limiting
its practicality for broader use.

Our method leverages CLIP’s semantic space for align-
ing images and text, providing a more robust solution.
Moreover, Edit Reversibility Constraint (ERC) tackles both
dataset limitations and biases by enforcing coherence be-
tween forward and reverse edits. Our approach enhances
scalability and precision for complex instructions and elim-
inates the dependency on triplet datasets, making it applica-
ble to any image-caption dataset of real images. Moreover,
as ERC modifies only the training objectives of Instruct-
Pix2Pix, it integrates seamlessly with any model extension.

3. Background

Our method builds upon InstructPix2Pix (IP2P) [5],
which uses Stable Diffusion’s U-Net architecture [34] for
instruction-based image editing. IP2P conditions the model
on both input images and text instructions using classifier-
free guidance [16]. Cross-attention mechanisms compute
attention maps based on text conditioning, enabling local-
ized edits by focusing on relevant image regions.

IP2P trains on triplets of input images, edit instructions,
and edited images generated using Prompt-to-Prompt [15].
However, this reliance on synthetic data introduces limita-
tions: (1) poor generalization to real-world images, and (2)
inherited biases from Prompt-to-Prompt, as shown in Fig. 2.

4. Method

We introduce UIP2P, an unsupervised diffusion-based
framework for instruction-based image editing, enforcing
the Edit Reversibility Constraint (ERC) to ensure that ap-
plied edits can be undone using corresponding reverse
instructions. Unlike prior methods reliant on synthetic
triplets or domain-specific transformations, UIP2P oper-
ates on real-world image-captions datasets without needing
edit pairs. Our approach integrates text-image alignment,
attention-based localization, reconstruction fidelity, and ef-
ficient noise prediction, enabling precise and generalizable
edits. Additionally, we leverage LLM-generated reverse in-
structions, eliminating the need for requiring supervision
while significantly improving scalability. In the following
sections, we describe our approach in detail, including the
key components of our framework (Sec. 4.1), the loss func-
tions that enforce edit reversibility, and the training data
generation procedure (Sec. 4.2).
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Figure 3. Overview of the UIP2P training framework. The model learns instruction-based image editing by applying forward and
reverse instructions. Starting with an input image and a forward instruction, shared Edit Model generates an edited image. A reverse
instruction is then applied to reconstruct the original image, enforcing Edit Reversibility Constraint (ERC).

4.1. Framework

4.1.1. UIP2P

To enforce the Edit Reversibility Constraint (ERC), we de-
fine each training step as a sequence of a forward edit fol-
lowed by its corresponding reverse edit, both applied using
the same Edit Model. This ensures that modifications can
be undone accurately, embedding edit constraints directly
within the training process, see Fig. 3 for an overview. A
key advantage of our approach is that training is performed
in a single denoising step, significantly reducing computa-
tional cost compared to existing methods that require mul-
tiple refinement passes per edit. To enforce the semantic
correctness of ERC, we introduce three core components:

1. Text and Image Direction Alignment: We leverage
CLIP embeddings [31] to align the semantic relation-
ship between textual instructions and image modifica-
tions without the need of ground-truth edited images.
By operating within CLIP’s embedding space, our model
ensures that changes in the input and edited images cor-
respond to changes in their respective captions. This
alignment is critical for enforcing the Edit Reversibility
Constraint (ERC), ensuring that edits accurately follow
instructions while preserving the input image’s structure.
Attention Map Alignment: To ensure stable and well-
localized edits, we enforce alignment between cross-
attention maps generated during both forward and re-
verse edits. This ensures the model focuses on the same
regions of the image when applying and undoing modi-
fications. Attention Map Alignment also regularizes the
training objective, improving spatial precision in edits.
3. Reconstruction Alignment: A key aspect of ERC is the
ability to reconstruct the original input after applying the

reverse instruction. This ensures that the model reliably
undoes its edits. We achieve this by minimizing both
pixel-wise and semantic discrepancies between the re-
constructed image and the original input, reinforcing the
accuracy of the applied and reversed edits.

During training, we sample a noise level t from a pre-
defined schedule and apply it to the input image, I;, to ob-
tained the noisy version. Based on the forward instruction,
C't, Edit Model then predicts and removes this noise to gen-
erate the edited image, I.. The reverse instruction, C,., is
then applied, using another sampled noise level £, to recover
the original image, I,.. This single-step training approach
ensures that ERC is learned efficiently across varying noise
scales, improving robustness across diverse edit scenarios.

By combining these three components—Text and Im-
age Direction Alignment, Attention Map Alignment, and
Reconstruction Alignment—our framework enforces ERC
on real-image datasets without requiring triplets of input-
edited images with edit instructions. This enables our
approach enables to scale effectively beyond synthetic
datasets, making it a practical solution for real-world
instruction-based image editing.

4.1.2. Loss Functions

To enforce ERC, we introduce loss terms that guide edit-
ing and reconstruction. Each training iteration processes a
single-step training sample consisting of an input image, an
edit instruction, a reverse instruction, and captions.

CLIP Direction Loss. This loss ensures that the transfor-
mation applied to the image aligns with the text instruction
in CLIP’s semantic space [12]. Given the CLIP embeddings
of the input image (E7,), edited image (E7,), input caption
(ET1), and edited caption (E7,), the loss is defined as:
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Table 1. Reverse Instruction Generation. Our method generates reverse instructions for the IP2P dataset, eliminating the need for
ground-truth edited images. Additionally, edit instructions, edited captions, and reverse instructions are generated for CC3M and CC12M
datasets—denoted as CCXM. The texts are generated by LLMs such as GEMINI, and GEMMAZ2.

Input Caption Edit Instruction

Edited Caption Reverse Instruction

A man wearing a denim jacket

make the jacket a rain

A man wearing a rain coat make the coat a denim

a coat jacket
& Asofain the living room add pillows A sofa in the living room with remove the pillows
= pillows

Person on the cover of a magazine  make the person acat  Cat on the cover of the magazine make the cat a person
E A tourist rests against a concrete wall give him a backpack A tourist with a backpack rests remove his backpack
8 against a concrete wall

»CCLIP =1—cos (EIC — E[i7 ETC — ET‘) (l)

By aligning the direction of change in image space with the
transformation described in text space, this loss ensures that
modifications accurately reflect the intended semantic edits.
Attention Map Alignment Loss. To ensure that the same
regions of the image are modified during both forward and
reverse edits, we introduce an attention map alignment loss.
Let Agf) and Asf) represent the cross-attention maps from
the i-th layer of the U-Net model during the forward and
reverse edits, respectively. The loss is defined as:

Lun = |45 — 4@

This loss ensures the model focuses on the same image re-
gions during both forward and reverse edits—a key require-
ment for ERC. We compute it across U-Net’s down and
up layers at random timesteps. By encouraging consistent
cross-attention maps, the loss promotes spatial coherence
across noise levels, as fixed instructions tend to yield stable
attention over edited regions (see Supp. Sec. 4.2).

2)

2

CLIP Similarity Loss. This loss encourages the edited im-
age to remain semantically aligned with the provided tex-
tual instruction. It is calculated as the cosine similarity be-
tween the CLIP embeddings of the edited image (E7,) and
the edited caption (E'1,):

Lgm =1 —cos(Ey,, Er,) 3)

This loss ensures that the generated image aligns with the
intended edits, maintaining semantic alignment with the
provided instructions.

Reconstruction Loss. To guarantee that the original image
is recovered after the reverse edit, we employ a reconstruc-
tion loss consisting of a pixel-wise loss and a CLIP-based
semantic loss. The total reconstruction loss is defined as:

Liecon = ||Il - Ir||2 + [1 - COS(E]” Efr)] )

This loss ensures that the model can accurately reverse edits
and return to the original image when the reverse instruc-
tion is applied, enforcing ERC by minimizing differences
between the input and reconstructed images.

Total Loss. Overall, all losses are applied to a single-step
noise prediction, making training more efficient. It is de-
fined as a weighted combination of the individual losses:

LERC = /\CLIP ECLIP + Aattn Lattn + /\sim Esim + )\recon ﬁrecon (5)

where AcLip, Aattn> Asims aNd Arecon are parameters that con-
trol the relative contributions of each loss term. The weights
are selected through validation-based grid search to mini-
mize Lggrc on a held-out set. Starting from the base config-
uration with Lepp and Liecon, We found that L, enables
freer edits by encouraging stronger image-text alignment,
while L, improves localization by focusing on relevant
regions during both forward and reverse edits.

4.2. Training Data

To enable ERC training on datasets with image and edit
instructions [5], we leverage Large Language Models
(LLMs), such as GEMMAZ2 [43] and GEMINI [42], to au-
tomatically generate reverse edit instructions. These LLMs
provide an efficient and scalable solution for obtaining re-
verse instructions with minimal cost and effort [5]. We
use GEMINI to enrich the IP2P dataset with reverse in-
structions based on the input caption, edit instruction, and
corresponding edited caption. To improve model perfor-
mance, we employ few-shot prompting during this process,
enabling the generation of reverse instructions without the
need for manually paired datasets, which significantly en-
hances scalability. The reverse instructions generated by
the LLM aim to revert the edited image to its original form
(see Tab. 1 - IP2P section). Using the enriched dataset with
reverse instructions (see Tab. 1, IP2P section), we fine-tune
GEMMAZ2 [43], to generate an edit instruction, edited cap-
tion, and reverse instruction given an input caption. We use
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Input Image Instruction InstructPix2Pix MagicBrush

Let the bird
turn yellow.

Make the
forest path
into a beach.

HIVE MGIE SmartEdit Ours

Remove hot
air balloons.

Make it
the Vatican.

Change the hat
color to blue.

Put blue
glitter on
fingernails.

Figure 4. Qualitative Examples. UIP2P performance is shown across various tasks and datasets, compared to InstructPix2Pix, Mag-
icBrush, HIVE, MGIE, and SmartEdit. Our method demonstrates either comparable or superior results in terms of accurately applying the
requested edits while preserving visual consistency. Red circles and arrows indicate drastic problems during the image editing.

this fine-tuned model to allow training on image-caption
paired datasets such as CC3M and CC12M [7, 37], gen-
erating forward and reverse edits along with corresponding
edited captions (see Tab. 1, CCXM section).

5. Experiments

Datasets. We generate datasets consisting of forward and
reverse instructions, as detailed in Sec. 4.2. For the ini-
tial experiments, we use the InstructPix2Pix dataset [5],
which provides generated image-caption pairs along with
edit instructions. We further extend our experiments to real-
image datasets, including CC3M [37] and CC12M [7], for
which we generate eight possible edits per image-caption
pair. This increases diversity in the editing tasks, exposing
the model to a wide range of transformations and enhancing

its ability to generalize across different types of edits and
real-world scenarios. We then also conduct experiments on
the HQ-Edit dataset [19], which already contains reverse
instructions and higher-quality images, though they are still
generated by off-the-shelf multimodal models [1, 3].

Baselines. We evaluate our method by comparing it against
several models. The primary baseline is InstructPix2Pix [5],
a supervised method that relies on ground-truth edited im-
ages during training. To demonstrate the advantages of our
unsupervised approach, we train and test both IP2P and our
model on the same datasets, with our method not using the
ground-truth edited images while training. We also compare
our method with other instruction-based editing models, in-
cluding MagicBrush [51], HIVE [52], MGIE [10], SmartE-
dit [18], and HQ-Edit [19]. These comparisons allow us
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Settings Methods L1} L2|  CLIP-If DINOt CLIP-Tt voe

HIVE [52] 0.1092 0.0341  0.8519  0.7500  0.2752
InstructPix2Pix [5] 0.1122 0.0371 0.8524  0.7428  0.2764 L0

Single-turn  UIP2P w/ IP2P Dataset 0.0722 0.0193 09243  0.8876  0.2944 £ 090
UIP2P w/ HQ-Edit Dataset  0.0709 0.0190  0.9251  0.8882  0.2932 E
UIP2P w/ CC3M Dataset ~ 0.0680 0.0183  0.9262  0.8924  0.2966 g 088
UIP2P w/ CC12M Dataset ~ 0.0619  0.0174  0.9318  0.9039  0.2964 £ oss
HIVE [52] 0.1521 0.0557 0.8004 0.6463  0.2673 % 04
InstructPix2Pix [5] 0.1584 0.0598 0.7924  0.6177 0.2726 InstructPix2Pix

Multi-turn  UIP2P w/ IP2P Dataset 0.1104 0.0358 0.8779 0.8041  0.2892 0.82 Ry Aol
UIP2P w/ HQ-Edit Dataset  0.1060 0.0344  0.8792  0.8081  0.2897 080 e e
UIP2P w/ CC3M Dataset ~ 0.1040 0.0337 0.8816  0.8130  0.2909 005 005 o010 otz one  ots  ous
UIP2P w/ CCI2M Dataset ~ 0.0976  0.0323  0.8857  0.8235  0.2901

CLIP Text-Image Direction Similarity

(a) Zero-shot Quantitative Comparison on MagicBrush [51] test set. Instruction-based
editing methods that are not fine-tuned on MagicBrush are presented. In the multi-turn

setting, target images are iteratively edited from the initial images.

(b) Evaluation on the IP2P test dataset. UIP2P out-
performs IP2P in both CLIP image similarity and CLIP
text-image similarity metrics, demonstrating better vi-
sual fidelity and instruction alignment.

Figure 5. Evaluation on MagicBrush and IP2P test datasets.

to evaluate how effectively our model handles diverse and
complex edits without needing for editing methods to gen-
erate ground-truth edited images or human-annotated data.

Implementation Details. Our method, UIP2P, fine-tunes
the SD-v1.5 checkpoint [34] without any pre-training on
triplet datasets. While we retain the IP2P architecture (Edit
Model, see Fig. 3), our approach employs different train-
ing objectives, focusing primarily on enforcing the ERC.
Specifically, we leverage the CLIP ViT-L/14 model, already
integrated into SD-v1.5, to compute the losses. Unlike su-
pervised methods that begin training by adding noise to
the ground-truth edited image, our method starts by adding
noise to the input image. This design choice has significant
implications, e.g., it helps bias the model toward preserv-
ing the structure and details of the original image, ensur-
ing that edits remain consistent with the input. Our method
trains in a single denoising step, predicting only one step
per iteration to ensure efficiency. UIP2P is trained using the
AdamW optimizer [23] with a batch size of 256 over 11K
iterations. The base learning rate is set to le-05. All exper-
iments are conducted on 8 NVIDIA A100 GPUs, with loss
weights set as Acpip = 1.0, Agen = 0.5, Agm = 1.0, and
Arecon = 1.0. The best configuration is selected based on
the validation loss of Lggrc.

5.1. Qualitative Results

We compare UIP2P with state-of-the-art methods, includ-
ing InstructPix2Pix [5], MagicBrush [51], HIVE [52],
MGIE [10], and SmartEdit [18], on various datasets [5,
38, 39, 51]. The tasks include color modifications, ob-
ject removal, and structural changes. UIP2P consistently
produces high-quality edits, applying transformations accu-
rately while maintaining visual coherence. For example,
in “let the bird turn yellow,” UIP2P provides a more nat-
ural color change while preserving the bird’s shape. Sim-
ilar improvements are observed in tasks like “remove hot
air balloons” and “‘change hat color to blue.” These results

highlight UTP2P’s ability to perform diverse edits, achieving
successful and localized image modifications (see Fig. 4).

5.2. Quantitative Results
5.2.1. IP2P Test Dataset

We evaluate our method on the IP2P test split, containing
5K image-instruction pairs. Following [5], we use CLIP im-
age similarity for visual fidelity and CLIP text-image sim-
ilarity to assess alignment with the instructions. Higher
scores in both metrics indicate better performance (upper
right corner) by preserving image details (image similarity)
and effectively applying the edits (direction similarity). As
shown in Fig. 5b, UIP2P outperforms IP2P across both met-
rics. In these experiments, the text scale st is fixed, while
the image scale sy varies from 1.0 to 2.2.

5.2.2. MagicBrush Test Dataset

The MagicBrush test split contains 535 sessions (source im-
ages for iterative editing) and 1053 turns (individual edit-
ing steps). It uses L1 and L2 norms for pixel accuracy,
CLIP-I and DINO embeddings for image quality via co-
sine similarity, and CLIP-T to ensure alignment with lo-
cal text descriptions. As seen in Fig. 5a, UIP2P performs
the best for both single- and multi-turn settings. It is im-
portant to be noted that HIVE utilizes human feedback on
edited images to understand user preferences and fine-tunes
IP2P based on learned rewards, aligning the model more
closely with human expectations. Figure 5a shows that
adding inverse instructions to IP2P improves performance,
while training on HQ-Edit further enhances results due to its
high-quality/resolution images and built-in reverse instruc-
tions. However, its smaller size (=100K) and specialized
collection pipeline limit its impact. In contrast, leveraging
large-scale real-image datasets like CC3M and CC12M en-
ables scalable training without labor-intensive data collec-
tion, achieving the best overall performance. See Appendix
for more quantitative comparison.
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5.2.3. User Study

We conduct a user study on the Prolific platform [30] with
50 participants to evaluate six methods—IP2P, MagicBrush,
HIVE, MGIE, SmartEdit, and UIP2P—on 30 randomly
sampled image-edit instructions from diverse datasets [5,
38, 39, 51]. Participants compare images from randomly
paired methods, selecting the better-performing one across
six pairs per question, yielding /8,000 total votes—9,000
for edit success and 9,000 for localization accuracy. In two
runs, they first choose the model best following the instruc-
tion, Successful, then the one applying edits only to the in-
tended area, Localized. To ensure robust evaluation, we use
Elo rating system [9], a widely adopted ranking method in
LLM and generative model benchmarking [4, 54]. By en-
abling continuous pairwise comparisons, Elo accounts for
varying instruction difficulty and produces a relative rank-
ing. Table 2 shows that UIP2P achieves the highest Elo
score and adjusted Win rate across both criteria. See Ap-
pendix for more details.

Table 2. User study. Results comparing six methods based on Elo
scores and top performer ratios for edit success and localization
accuracy. UIP2P achieves the highest scores in both criteria.

‘ Successful ‘ Localized
Models ‘ Elo score  Win rate ‘ Elo score  Win rate
1P2P 1395 12% 1301 12%
MagicBrush 1482 16% 1601 18%
HIVE 1465 15% 1471 14%
MGIE 1584 18% 1529 17%
SmartEdit 1543 17% 1440 16%
UIP2P (Ours) 1681 22% 1659 23%
5.3. Ablation Study

Scalability. We train our method on IP2P, HQ-Edit, CC3M,
and CCI12M to assess its scalability with dataset size and
quality. As shown in Fig. 5a, performance improves with
larger and higher-quality datasets, with notable gains from
IP2P to CC12M. This highlights our method’s ability to
leverage extensive data for better fidelity and localization.
See Appendix for the discussion on runtime of our method.

Loss functions. We conduct a zero-shot evaluation on
the MagicBrush test set (single-turn) to assess the contri-
bution of each loss function, see Tab. 3 - Loss. Starting
with the base configuration, containing Lo rrp and L econs
we observe moderate performance across the same metrics.
Adding L;,, loss allows the model to perform edits more
freely, as the Base without it tends to create outputs simi-
lar to the input image. Finally, £, enhances the model’s
focus on relevant regions and ensures that the region will re-
main consistent between the forward and reverse processes.

Attention Map Alignment Loss vs. Timestamp t. We
compare the impact of using random timestamps ¢ versus

Table 3. Ablation studies. Adding additional loss functions to
the base setup improves performance on the MagicBrush bench-
mark. Additionally, using random timestamps between forward
and reverse instructions leads to better edit localization and over-
all performance.

| Ablation L1, L2, CLIP-If DINO} CLIP-T}
| IP2P[5]  0.112 0037 0852 0743 0.276
Base 0.117 0032 0878  0.806  0.309

% + Lsim 0.089 0.024  0.906 0.872 0.301
=+ Lattn 0.062 0.017  0.932 0.904 0.296
£ | Samet 0.074 0.022 0921 0.889 0.299
< | Randomt 0.062 0.017  0.932 0.904 0.296

same timestamps ¢ between forward and reverse instruc-
tions. As shown in Tab. 3 - Attn, using random ¢ con-
sistently outperforms the fixed approach across all metrics.
This suggests that introducing variability in ¢ during train-
ing leads to a more consistent cross-attention, resulting in
better edit localization and overall performance. The ratio-
nale is that using different noise levels enhances robustness
by exposing the model to varied denoising conditions dur-
ing forward and reverse edits, while the attention consis-
tency loss ensures the model maintains focus on the same
regions regardless of the noise level. As also investigated in
[14, 40], maintaining consistent attention maps across dif-
ferent timestamps enables more precise editing.

6. Conclusion

In this work, we introduce UIP2P, a novel unsupervised
approach for instruction-based image editing that elimi-
nates the need for paired supervision through the ERC.
By enabling training on real-image datasets, our approach
enhances scalability while maintaining high-fidelity edits.
Through a single-step training paradigm, we achieve ef-
ficient and precise edits, outperforming existing methods.
While our method advances instruction-based editing, fu-
ture improvements in reverse instruction generation, spa-
tial guidance, and diffusion model efficiency can further en-
hance performance. Additionally, incorporating perceptual
or adversarial losses could improve photorealism, address-
ing cases where optimizing for CLIP alignment may com-
promise visual quality in challenging edits. As models con-
tinue to evolve, our approach stands to benefit from these
advancements, further improving edit precision and infer-
ence speed. Overall, our work unlocks new possibilities for
large-scale training in instruction-based image editing with-
out explicit supervision. We encourage future research to
build upon this foundation, refining both model design and
training strategies.
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